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Summary 

Over the last few decades, a variety of new global challenges have emerged from the 
fossil fuel-based energy systems such as global warming, security of energy supply, and 
increasing energy prices which impose dramatic changes on the current energy sources 
and infrastructure. To combat these challenges, particularly in urban areas, distributed 
renewable energy sources are being targeted. As a result, there has been a paradigm shift 
in the scale and nature of the energy generation in urban areas with the application of 
the distributed renewable energy technologies. Increasingly, these technologies form an 
important part of the urban energy system in many cities and represent a future 
framework of the energy systems both on the building and on the urban scale. The trend 
towards a distributed renewable-based energy system where energy is locally produced 
and consumed affects all energy system components, especially in cities which have high 
power densities and needs extensive planning to build a viable and reliable energy 
system. As of now, a wide variety of tools have been developed to model the urban 
energy transition and analyze the integration of renewable energy technologies (RET's) 
into the urban environment to support urban planners, urban designers and policy 
makers to evaluate future alternative scenarios. However, the literature study reveals two 
major shortcomings of these models including firstly the lack of an integrated model to 
optimize the configuration of the distributed renewable energy technologies to maximize 
the exploitation of local renewable resources and secondly the lack of an energy model to 
take into account the spatial aspects of the distributed renewable energy technologies. To 
fill these gaps, in this research an integrated urban energy model framework is proposed 
to generate an optimized configuration of the distributed renewable energy technologies 
that considers both spatial and energy effects of these technologies in urban areas. 
Accordingly, this research aims to develop a comprehensive urban energy model 
framework to study the energy and spatial effects of renewable energy policies that 
promote RET′s in urban areas to support planners and policy makers to devise 
appropriate policy schemes towards an electrical neutral urban area. The proposed 
framework describes the operation, configuration and components of the renewable-
based urban energy system, the behavior of the components and the possible interactions 
between them. Three components, namely demand, supply and storage are embedded in 
the framework and their corresponding modules are developed. The proposed 



 

 

framework adopts a parcel-based data structure for the spatial analysis and 
representation of the urban environment. 

Since applying any sustainable intervention in the urban energy system requires 
fundamental knowledge of the energy demand dynamics, accordingly the first 
component of the proposed framework is the demand module. In this module the 
annual electricity usage and the usage load profile of the building connections in the 
urban built environment are determined. Through a literature review, the important 
electricity usage explanatory variables of the built environment are recognized. For each 
building connection, besides the annual electricity usage, three major categories of 
explanatory variables, including physical, socioeconomic and geospatial characteristics 
are determined. Based on the available data sources and identified variables, the building 
electricity usage database is constructed and categorized based on the two most 
frequently used building sectors including residential and nonresidential. By creating the 
database, multiple linear regression method is applied to determine the relationship 
between the annual electricity usage and the explanatory variables. In order to determine 
the contribution of each category of variables in the variability of the annual electricity 
usage, the regression analysis is performed separately. The results revealed that in both 
building sectors most of the predictors are statistically significant and in total all 
variables can explain 28.1%, 39.4% and 42.9% of the electricity usage variability of 
residential, service and industrial building connections respectively. Load profiling is the 
last step of the demand module in which the usage load profile of the building 
connections will be generated in hourly resolution for the entire year based on the 
physical characteristic of the connections and applied electricity tariff structure. The 
resulting annual electricity usage and the usage load profile of the building connections 
will be applied in the supply and storage modules respectively. 

The second component of the urban energy model framework is the supply module. 
The main objective of this module is examining the spatial and technical conditions of 
the parcels in urban areas to allocate RET′s in order to generate an optimal configuration 
of these technologies to minimize the total exploitation cost while satisfying the technical 
and spatial constraints and the required demand towards the electricity neutral area. In 
this module the focus is on the technologies that are spatially and technically feasible for 
the installation in the urban environments, including roof mounted photovoltaic panels 
and urban scale wind turbines that are installed adjacent to the built environment. For 
each technology the resource availability, power output determination procedure and 
spatial and technical requirements for installation in urban areas are determined. A 
RET-allocation algorithm as a core of the module evaluates the feasibility of allocating 
PV-panels and wind turbines to the parcels while considering parcel spatial 



 

 

specifications, technology technical requirements and renewable resource availability. 
The analysis is performed based on the spatial conditions that exist at the locations 
where RET's are installed and the technologies mutual interactions. Scenario analysis 
based on the technology configurations and resource availability is conducted which 
shows that the resulting cost of electricity generated by the applied RET's are 
significantly lower than the current retail electricity price which indicates that 
renewables can compete with the fossil fuel resources even with the current market 
conditions. The resulting supply profile of the urban parcels will be applied in the 
storage module for load balancing. 

The last component of the proposed framework is the storage module. The main 
objective of this module is developing a heuristic optimization model to analyze the 
deployment of energy storage systems on the urban level to balance the demand and 
supply profile of the parcels and generate an optimal energy storage solution for the 
study area. Distributed application of RET′s in the urban environment leads to the 
growth in the penetration of renewable energy resources which often have a random and 
intermittent generation. Moreover, the electricity demand has also showed a highly 
volatile behavior. These dynamics and inconsistencies on both urban energy system sides 
create a large amount of surplus and shortage of electricity, which only it can be 
mitigated by application of the storage technologies. As of now the storage applications 
have been mostly constrained to the building level and little attention has been paid to 
the application of these technologies on the urban scale. In this research a model is 
developed to investigate the feasibility of the application of storage systems on the urban 
scale. A simulated annealing algorithm is applied as an optimization algorithm to 
investigate how storage systems will be deployed at the urban scale and what 
implications they might have. The results of the storage scenarios show that by 
connecting and sharing storage technologies on the urban scale, more benefit can be 
acquired compared to the building level applications. Analyzing the generated storage 
plans revealed that the spatial requirements for the application of storage technologies 
on the urban scale are influenced by two major factors. Firstly, the intended area should 
have enough space to install the storage systems such as green area in the permitted 
distance. Secondly, the high density of buildings is also a required condition for the 
installation of the urban scale storage systems. Moreover, the surplus profiles have an 
effect on the type of deployed storage system. In the high density built area with high 
surplus profiles if the spatial requirements are appropriate, most likely urban scale 
storage system will be applied. In total, the results show that the feasibility of storages 
application at the urban level is significantly optimistic and by utilizing the shared 
storage systems collectively, higher benefits can be achieved. 



 

 

Experimentations in the form of sensitivity analysis and policy demonstrations show 
the performance of the designed modules. Primarily a sensitivity analysis is conducted to 
explore the performance of the modules under small changes in the input parameters for 
three different configurations of RET′s. For each configuration, a series of sensitivity 
tests are performed, varying a range of input parameters and then examining the effects 
to analyze how the model works at a more detailed level. The results show that the most 
sensitive parameter is electricity-price which has the largest impact on the output of the 
modules. Also analyses showed that the PV-panel application has the better performance 
to store surplus electricity compared to the wind turbine application. One of the most 
striking results of the sensitivity analysis is that even with deploying unlimited 
energy/power capacity of the storage system, the global charge/discharge are lower than 
the total electricity surplus of the study area since some parcels in the study area due to 
the spatial and technical restrictions only can deploy the building level storage types with 
limited energy/power capacity. In more realistic scenarios the consequences of applying 
a number of policy programs as a practical demonstration of the modules for policy 
analysis are explored. Two policies are developed and implemented in the modules: 
introduction of the up-front renewable energy subsidy and applying electricity real-time 
pricing policy. Analyses show that PV-panel subsidies have a positive correlation with 
the PV-panel supply which indicates that an increase in the subsidies leads to the 
increase in the PV-panel electricity production. The results also show that an increase in 
the PV-panel subsidies will reduce the electricity generation cost of PV-panels. For the 
storage scenarios, there are also significant positive correlations between subsidies and 
acquired global-benefits. Also analyses show that applying the real time pricing policy 
leads to the increase in the global-benefit for all storage scenarios. These changes 
indicate that the real time pricing policy can significantly increase the feasibility of the 
application of storage systems in the renewable-based energy system.  

The proposed framework in this research is the first step towards developing a 
comprehensive urban energy model which seeks to investigate the spatial implications of 
the RET′s in an urban environment towards the electrical neutral environment. 
However, the results show that the proposed modules can be improved, particularly by 
considering aspects such as: applying large scale time-series data of the smart meters in 
the demand module, integrating 3D spatial models with the supply module to include 
urban vertical surfaces in analyzing the spatial implication of the RET′s and 
incorporating the load flexibility of the smart grid technologies such as heat pumps and 
electric vehicles with the storage module to utilize their potential shiftable loads to 
reduce the peak loads. 

 



 

 

List of symbols 

Symbol Description 
𝜶𝜶 Temperature coefficient of the SA 
𝜶𝜶𝒑𝒑 Temperature coefficient of the PV-panel 
𝜷𝜷 Collector slope 
𝛃𝛃𝟎𝟎 Regression intercept 
𝛃𝛃𝐢𝐢 Regression coefficients 
∆𝑩𝑩 Change of the benefit 
∆𝑩𝑩+ Benefit of strictly positive transition 
𝜽𝜽 Angle of incidence 
𝝋𝝋 Solar panel latitude 
𝜹𝜹° Angle of declination of earth 
𝜹𝜹 Solar declination 
𝜺𝜺 Regression random error term 
𝜸𝜸 Surface azimuth angle 
𝝆𝝆 Air density 
𝝆𝝆° Air density under ISA conditions at sea level 
𝝁𝝁 Air density ratio 
𝝎𝝎 Solar hour angle 
𝑨𝑨𝒉𝒉 The area occupied by obstacles with the given height  
𝑨𝑨𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 Parcel area 
𝑨𝑨𝒑𝒑𝒑𝒑 PV-panel area 
𝑨𝑨𝒑𝒑𝒓𝒓𝒓𝒓𝒓𝒓 Roof area 
𝑩𝑩 Total benefit of the solution for the study area 
𝒃𝒃𝒊𝒊 Benefit generated by storage 𝑖𝑖 
𝑩𝑩𝒕𝒕 Benefit change caused by the transition 𝑡𝑡 
𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑(𝑬𝑬𝑬𝑬𝑬𝑬) Capital cost of the storage 
𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑(𝒑𝒑𝒑𝒑) Capital cost of the PV-panel  
𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑(𝑹𝑹𝑬𝑬𝑬𝑬) RET capital cost 
𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑(𝒘𝒘𝒕𝒕) Capital cost of the wind turbine 
𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪,𝒊𝒊(𝑬𝑬𝑬𝑬𝑬𝑬)  Storage net present cost 
𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪(𝑹𝑹𝑬𝑬𝑬𝑬) RET net present cost 
𝑪𝑪𝑪𝑪𝑬𝑬 Cost of energy 
𝑪𝑪𝑪𝑪𝑬𝑬𝒋𝒋(𝒑𝒑𝒑𝒑) Cost of energy of PV-panel in the parcel 𝑗𝑗 
𝑪𝑪𝑪𝑪𝑬𝑬𝒋𝒋(𝒘𝒘𝒕𝒕) Cost of energy of wind turbines in the parcel 𝑗𝑗 
𝑪𝑪𝑪𝑪&𝑴𝑴(𝑹𝑹𝑬𝑬𝑬𝑬) RET annual operating and maintenance cost 
𝑪𝑪𝑪𝑪&𝑴𝑴(𝑬𝑬𝑬𝑬𝑬𝑬) Annual O&M cost of the storage 
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𝑪𝑪𝒑𝒑 Performance coefficient of the wind turbine 
𝑪𝑪𝑹𝑹𝑪𝑪 Capital recovery factor 
𝑪𝑪𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑 Total net present cost of all RET's in the generated plan 
𝑫𝑫 Wind turbine rotor diameter 
𝒅𝒅𝒋𝒋 Annual electricity usage of the parcel 𝑗𝑗 
𝑫𝑫𝑴𝑴𝒑𝒑𝑴𝑴 Maximum output value 
𝑫𝑫𝑴𝑴𝒊𝒊𝑴𝑴 Minimum output value 
𝑫𝑫𝑪𝑪𝑫𝑫 Depth of discharge 
𝒅𝒅𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑  Annual electricity usage of the study area 
𝑬𝑬𝒊𝒊 Yearly stored energy by storage 𝑖𝑖 
𝑬𝑬𝒑𝒑,𝒉𝒉 Energy load for hour h  
𝑬𝑬𝒔𝒔,𝒉𝒉 Energy supplied by the supply system for hour h 
𝒓𝒓𝒑𝒑𝒑𝒑 PV-panel derating factor 
𝒓𝒓(𝒑𝒑) Wind speeds distribution function 
𝒈𝒈 Outlier coefficient 
𝒉𝒉𝒃𝒃 Average height of obstacles 
𝑯𝑯𝒎𝒎 Site elevation  
𝑰𝑰𝑹𝑹 Interest rate 
𝑰𝑰 Importance index  
𝒋𝒋 Index of a parcel 
𝒌𝒌𝒃𝒃 Boltzmann′s constant 
𝑲𝑲𝒔𝒔𝒕𝒕
𝒎𝒎𝒑𝒑𝑴𝑴 Maximum storage capacity 

𝑲𝑲𝒔𝒔𝒕𝒕
𝒎𝒎𝒊𝒊𝑴𝑴 Minimum storage capacity 

𝑳𝑳𝑬𝑬𝒊𝒊 Storage lifecycle 
𝑳𝑳𝑬𝑬(𝑹𝑹𝑬𝑬𝑬𝑬) RET lifetime 
𝑴𝑴(𝑬𝑬𝑬𝑬𝑬𝑬) Number of storage types 
𝑴𝑴𝒅𝒅𝒑𝒑𝒅𝒅 Number of the day in the year 
𝑴𝑴𝒋𝒋(𝑹𝑹𝑬𝑬𝑬𝑬) Number of allocated technology to the parcel 
𝑴𝑴𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒔𝒔 Number of parcels in the study area 
𝑴𝑴𝒔𝒔𝒕𝒕𝒓𝒓𝒑𝒑𝒑𝒑𝒈𝒈𝒑𝒑 Number of storage technologies installed in the study area 
𝑵𝑵(𝒘𝒘𝒕𝒕) Number of installable wind turbines in the parcel 
𝑵𝑵 Electricity price 
𝒑𝒑𝟎𝟎 Initial probability 
𝑵𝑵𝒋𝒋(𝒑𝒑𝒑𝒑) Electricity generation of the PV-panel in the parcel 𝑗𝑗 
𝑵𝑵𝒋𝒋(𝒘𝒘𝒕𝒕) Electricity generation of wind turbines in the parcel 𝑗𝑗 
𝑵𝑵𝒑𝒑𝒑𝒑 Yearly output of the PV-panel 
𝑵𝑵𝒑𝒑𝒑𝒑(𝑬𝑬𝑬𝑬𝑪𝑪) Rated capacity of the PV-panel under STC 
𝑵𝑵(𝑹𝑹𝑬𝑬𝑬𝑬) Yearly electricity supply of the RET 
𝑵𝑵𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑 Total supply of the allocated technologies 
𝑵𝑵𝒘𝒘𝒕𝒕 Yearly output of the wind turbine  
𝒒𝒒𝟏𝟏 Variable lower quartile 
𝒒𝒒𝟑𝟑 Variable upper quartile 
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𝒑𝒑 Pearson's correlation coefficient  

𝑹𝑹𝟐𝟐 Coefficient of determination 
𝑹𝑹(𝒕𝒕) Global solar radiation incident on the horizontal surface for the given latitude 

at time 𝑡𝑡 

𝑬𝑬𝑿𝑿𝟐𝟐  Variance of the parameter outputs 

𝑬𝑬𝒀𝒀𝟐𝟐  Variance of the parameter inputs 
𝑬𝑬𝑰𝑰 Sensitivity index  
𝑬𝑬𝑪𝑪𝑪𝑪𝒎𝒎𝒑𝒑𝑴𝑴 Maximum state of charge 
𝑬𝑬𝑪𝑪𝑪𝑪𝒎𝒎𝒊𝒊𝑴𝑴 Minimum state of charge  
𝑬𝑬𝑪𝑪𝑪𝑪𝒔𝒔𝒕𝒕,𝒉𝒉 Hourly state of charge of the storage technology 
𝒕𝒕 Time in hourly resolution 
𝑬𝑬 Temperature for controlling the annealing process 
𝑬𝑬𝟎𝟎 Initial temperature 
𝑬𝑬𝒑𝒑𝒎𝒎𝒃𝒃𝒊𝒊𝒑𝒑𝑴𝑴𝒕𝒕 Ambient temperature 
𝑬𝑬𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑(𝑬𝑬𝑬𝑬𝑪𝑪) PV-cell temperature under STC 
𝑬𝑬𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑(𝒕𝒕) PV-cell temperature in time 𝑡𝑡 
𝒕𝒕𝒔𝒔𝒓𝒓𝒑𝒑𝒑𝒑𝒑𝒑 Local solar time 
𝒑𝒑 Wind speed 
𝒑𝒑(𝒕𝒕) Wind speed at time 𝑡𝑡 
𝒑𝒑𝒛𝒛 Wind speed at the turbine hub height 
𝒑𝒑𝒛𝒛𝒑𝒑𝑴𝑴𝒑𝒑𝒎𝒎  Wind speed at the anemometer height 
𝑴𝑴𝒊𝒊 Predictive variables 
𝒅𝒅 Dependent variable 
𝒛𝒛 Wind turbine hub height 
𝒛𝒛° Surface roughness length of the given site 
𝒛𝒛°𝑹𝑹𝒑𝒑𝒓𝒓 Reference surface roughness length 
𝒛𝒛𝒑𝒑𝑴𝑴𝒑𝒑𝒎𝒎 Anemometer height 

 
  



 

 

 
 
 



 

 

List of abbreviations 

Abbreviations Descriptions 

2D Two-dimensional space 

3D Three-dimensional space 

ACO Ant colony optimization algorithm 

AEPC AMBRI-energy/power-capacity  

AHN2 Actueel Hoogtebestand Nederland versie 2 

ANN Artificial neural network 

BAG Basisregistraties Adressen en Gebouwen 

BB Best benefit 

BES Battery energy storage  

BLS Building level storage scenario 

CAES Compressed air energy storage 

CDA Conditional demand analysis 

CES Community energy storage scenario 

CFD Computational fluid dynamics 

COE Cost of energy  

Combined-CES-FP Fixed-price policy for the community energy storage scenario for the 
combined application 

Combined-CES-RTP Real-time pricing policy for the community energy storage scenario for the 
combined application 

Combined-FDS-FP Fixed-price policy for the future development storage scenario for the 
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  CHAPTER 1
Introduction 

The research presented in this dissertation will be introduced in this chapter. The 
chapter begins with the elaboration of the research context, challenges and relevance in 
Section  1.1. Next, the research scientific contributions are presented in Section  1.2. The 
research demarcation to clarify the scope of the developed urban energy model is 
presented in Section  1.3. In Section  1.4 the research aim and objectives are presented. 
Research questions are introduced in Section  1.5. Lastly, this chapter ends with a 
summary of the following chapters in Section  1.6. 

1.1 Research context, challenges and relevance 

Over the last few decades, a variety of new global challenges have emerged from the 
fossil fuel-based energy system such as global warming, security of energy supply, and 
increasing energy prices, which impose dramatic changes to the current energy sources 
and infrastructure [1]–[4]. A major share of energy consumption originates from cities 
with increasing rate of urbanization which has attracted significant international 
attention from the scientific research community in recent years. To combat and meet 
these challenges, particularly in urban environments, renewable energy sources are being 
targeted [1]. As a result, there have been changes in the scale and nature of the energy 
generation technologies in urban areas, particularly with the development of distributed 
renewable energy technologies (RET′s) that are based on renewable sources [5]. 
Distributed RET′s are decentralized locations-dependent sources of energy typically 
consist of PV-panels or wind turbines that are installed on or adjacent to the built 
environment utilized as a low-carbon energy sources for electricity production. 
Increasingly, these technologies constitute an important part of the urban energy mix in 
many economies [5] and represent a future framework for the urban energy systems 
both at the building level and urban scale applications, in particular where different 
types of renewable resources are present. This trend of transformation towards a 
distributed renewable-based urban environment where energy is locally produced and 
consumed affects all energy system components, including supply, transmission, 
distribution, storage and demand. Especially in cities which have high power densities, 
distributed technologies can satisfy the demand locally with considerable reduction in 
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distribution losses due to the fact that energy is consumed close to where it is generated 
[4], [6]. The urban energy transition as a main driving force behind this research 
requires extensive planning to provide a reliable urban energy system. The 
implementation of distributed RET′s in the urban environment is complicated for 
planners and decision makers due to the complex, and the diffuse nature of the urban 
built environment, and numerous spatial and technical restrictions for the 
implementation of distributed RET′s. As a result, hitherto a wide variety of energy 
models have been developed to aid planners and decision makers in modelling the urban 
energy transition and analyzing the integration of distributed RET′s into the urban built 
environment on various spatial scales under different assumptions (For a detailed 
overview of the state-of-the-art, please refer to the  CHAPTER 2). The primary goal of 
these models was developing a tool to support planners and policy makers in the 
evaluation of future alternative energy scenarios under various policy schemes. In order 
for urban authorities and municipalities to be able to make more efficient, economical 
and sustainable choices on the future energy developments, it is important to have an 
estimate of what the required investments and estimated effects are of different 
sustainable policy scenarios [7]. Therefore, the possible consequences of sustainable 
energy policy choices on the urban energy system and the spatial development of the 
urban environment should be studied integrally, from a technical, economical and 
spatial point of view.  

Implementing energy transformation plans on an urban level requires insight in the 
consequences of possible measures for which a wide variety of energy models have been 
developed ( CHAPTER 2). However, there are two major issues in the modelling the 
transformation of the urban areas toward renewable-based environment that determine 
the contribution of this research project.  

The first issue is designing an optimal configuration of distributed RET′s to 
maximize the exploitation of local renewable energy production, that meets the local 
required demands and satisfies possibly conflicting constraints (technical and spatial). 
One of the most important challenges of the distributed energy generation systems is to 
optimize collectively the configuration of the generation technologies to meet all the 
required load requirements with minimum capital, operating and maintenance costs [8]. 
This optimal configuration will change depending on the target and external conditions 
under which it has to be achieved [9]. In urban areas based on the topography and 
potential energy resources available, the distributed energy systems can be developed 
and optimized in order to suit the needs of the area [8]. Each type of RET′s has its own 
special advantages that make it suitable for certain applications [8]. In addition, to 
obtain energy from the renewable-based urban energy system reliably and at an 
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economical price, its design in terms of technology type selection and configuration 
must be optimized, therefore, an optimization method is necessary to generate an 
optimal configuration of distributed RET′s [8]. Designing such models require a detailed 
analysis of the a given location due to the influence of different locations-dependent 
variables such as solar radiation, wind speed, and ambient temperature and their 
influence on the system operation [8]. Integrated techno-economic models provide a 
holistic approach to optimize the configuration and operation of renewable-based urban 
energy systems and facilitate the optimal trade-off between different installation 
conditions and requirements such as spatial, technical and economic [9]. Furthermore, 
as the renewable-based urban energy system has to ensure the reliable operation at each 
point in time [4], the deployment of storage system is required to balance the demand 
and supply loads. Such complex and interrelated system can only be modeled using 
simulation models. The optimal configuration of renewable-based urban energy system 
can significantly improve the economic and technical performance of the power supply 
as well as promoting the widespread use of such environmentally friendly sources.  

The second issue that must be taken into account is the spatial aspect of the 
distributed RET′s that has to be integrated with the urban energy models. The urban 
energy transition requires implementing a substantial amount of distributed RET′s. 
Unlike conventional energy sources that are mainly extracted from the underground 
sources which have no considerable spatial effects on the urban environment, RET′s 
have significant spatial implications. Accordingly modelling the spatial implications of 
the urban energy transition is also essential, particularly, when the distributed RET′s are 
applied locally. Urban energy models which capable of describing such changes require a 
spatial representation in order to reflect the local context and conditions [4]. Urban 
spatial modelling has vastly grown over the last decades, mainly due to the development 
of different geographic information system (GIS) tools, and their capabilities of spatial 
analysis [4]. With the increasing maturity of GIS technology, GIS has emerged as an 
essential tool to enhance the spatial modelling capabilities which can create an added 
value to the modelling of the energy systems [4]. This coupling between GIS and energy 
modelling holds different advantages, particularly for modelling of renewable-based 
urban energy systems as it allows for spatial analysis of renewable resource availability, 
local interactions (as they are influenced by the various site dependent variables) and 
visualization of the results. Current urban energy models are often not spatially explicit 
models, which do not take into account the urban spatial requirements and renewables 
spatial interactions. In addition, conventional energy evaluation tools are not always 
linked to the spatial dimension of the energy systems [4]. As a result the integration of 
the spatial models with the urban energy models along with the availability of mature 
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GIS tools provides an effective platform for analyzing the spatial transformation of the 
urban environment towards a renewable-based urban area.  

As the above discussions have demonstrated, the two major shortcomings of the 
current urban energy models for modelling the transformation of the urban 
environment towards a renewable-based energy system can be summarized as follows: 

• A holistic approach for designing an optimal configuration of distributed 
RET′s to minimize the exploitation cost, that meets the local required 
demands and satisfies all the possible constraints 

• Integrating the spatial dimension of the application of distributed RET′s in 
the urban environment with the current urban energy models 

To our knowledge, there is no integrated urban energy model available that has 
considered the above mentioned issues integrally. Therefore, the development of such a 
model is of utmost importance. This project attempts to unify two distinct domains of 
urban modelling practice, including spatial modelling and energy modelling. As a result 
an integrated urban energy model framework will be designed and developed that 
considers the energy transition effect as well as the spatial transition effect of policies 
that promote RET′s application in the urban environment. The proposed model in this 
dissertation integrates these two approaches such that eventually it results in improved 
policy recommendations concerning the urban energy transition planning. 

1.2 Scientific contributions 

The research in this dissertation seeks to make two major contributions as follows:  

• Developing an urban energy model framework to generate an optimal 
configuration of the distributed RET′s to minimize the application cost 
while satisfying all the possible constraints towards a balanced renewable-
based energy system 

• Constructing an integrated framework to predict the spatial effects of 
transformation towards a renewable-based urban built environment 

1.3 Research demarcation 

The proposed urban energy model framework in this research has been developed 
based on the several major assumptions. Although it is intended to develop a 
comprehensive urban energy model, however, the following assumptions are made (For 
a complete list of assumptions, please refer to the Section  3.2): 
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• The proposed urban energy model framework only considers the electrical 
energy demand of the built environment which will be satisfied with the 
combination of distributed RET′s 

• Due to the fact that distributed RET′s generate energy locally, close to the 
locations where it is consumed, the distribution aspect of the energy system 
is not integrated with the proposed model 

This research is part of ongoing research in the Information Systems in the Built 
Environment (ISBE) group of TU/e. Other aspects of the urban energy system such as 
heating demand and multi-carrier energy networks are currently being researched by 
other ISBE researchers and will be integrated with the proposed framework of this 
research. 

1.4 Research objectives 

In order for cities to be able to make effective, economical and sustainable choices on 
the future urban energy system developments, it is important to have an estimate of the 
effects of different sustainable policy scenarios. Therefore, the possible consequences of 
different policy choices that are applied to facilitate the implementation of the energy 
transformation plans on an urban level should be studied integrally from energy, 
economic and spatial point of view. Accordingly, the general aim of this research is: 

To develop a comprehensive urban energy model framework of the urban 
built environment for studying the energy and spatial effects of renewable 
energy policies that promote RET′s in urban areas to support planners and 
policy makers to devise appropriate policy schemes towards a fully renewable-
based urban environment 

For the realization of this model, three modules are developed and applied to generate an 
optimized renewable-based urban environment and predict its spatial effects under 
different energy policies. The model is composed of the following modules: 

• Demand module: Applying any sustainable interventions in the urban 
environment requires fundamental knowledge of the energy demand 
dynamics. Only when we are able to predict the users’ energy demand at any 
given time with accuracy, we can redesign the urban energy system. 
Accordingly, the demand module as the first component of the proposed 
framework determines the annual electricity usage and the usage load profile 
of the building connections in the urban environment by considering 
important electricity usage explanatory variables. 
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• Supply module: Electricity generation from distributed RET′s is recognized 
as the main alternative for the future urban energy systems. As a result, 
identifying the potential availability of renewable resources in urban 
environment has become a key area of interest in urban energy modelling 
[1]. Accordingly, the supply module as the second component of the 
proposed framework will examine the spatial and technical conditions of the 
urban areas to allocate distributed RET′s and then evaluates their energy 
potentials to generate an optimal configuration of these technologies to 
minimize the total exploitation cost while satisfying the technical and spatial 
constraints and the total demand loads.  

• Storage module: Decentralized application of RET's in the urban 
environment lead to the growth in penetration of intermittent energy 
generations [10], [11]. Moreover, on the energy demand side, the 
consumption also shows a highly volatile behavior. These inconsistencies in 
generation and consumption lead to the immense load mismatch between 
supply and demand sides of the urban energy system and creates a large 
amount of surplus and shortage of energy which it can be mitigated by 
utilizing storage systems [12]. In this context, storage module as the third 
component of the proposed framework is developed to examine the 
feasibility of integrating the storage systems in the urban environment to 
absorb the variability of the renewable resources, and investigate how 
storage systems can be deployed on the urban scale.  

For the application and evaluation of the modules, a district in the north of the 
Eindhoven municipality in the Netherlands is selected.  

1.5 Research questions 

Following the research aim and objectives, the following research questions are 
formulated and will be addressed integrally in this dissertation: 

1) Which new trends can be distinguished for the further developments of the urban 
energy modelling practice?  

2) What are the key parameters for the forecasting (a) the annual electricity usage and 
(b) the usage load profile of the electrical connections in the urban built 
environment?  

3) Which spatial and technical conditions for the allocation of RET′s to the urban areas 
are integrated in the supply module? 



7 

 

4) What are the key variables that are used to calculate the amounts of electricity 
dispatches into and out of storage systems for each hour of the year? 

5) Which spatial and technical conditions can affect the configuration of the storage 
solutions? 

6) What are the major effects of applying the (a) up-front incentive subsidies and (b) 
electricity real-time pricing policy on the configuration of RET′s and storage 
technologies? 

1.6 Outline of the dissertation 

This PhD dissertation consists of 9 chapters. Its outlines which includes a logical 
sequence of steps is shown schematically in Figure  1-1.  

Chapter 2. Urban Energy Models Review

Chapter 3. Urban Energy Model Framework

Chapter 4. Demand Module  Chapter 5. Supply Module Chapter 6. Storage Module

Chapter 7. Sensitivity Analysis

Chapter 8. Policy Demonstrations 

Chapter 9. Conclusions and Future Work

Chapter 1. Introduction

 
Figure  1-1 Outline of the dissertation 

In this chapter ( CHAPTER 1) research background, scientific contributions, research 
scope, aim and objectives and research questions have been addressed. 
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 CHAPTER 2 provides an up-to-date review of existing urban energy modelling 
approaches and methods for modelling energy in urban areas to assess the current state 
of practice. In this chapter three main distinct modelling approaches are identified and a 
critical review of each approach is provided. The chapter concludes by outlining a 
number of new trends in the urban energy modelling practice that have to be addressed 
in the future development of urban energy models.  

Based on the literature and inspired by the current modelling practice, the proposed 
framework, which underlies the urban energy modules, is presented in  CHAPTER 3. 
Three modules, namely demand, supply and storage as the main contribution of this 
research will be embedded in the framework. The next three chapters will address the 
embedded modules. 

 CHAPTER 4 introduces the design process of the demand module as the first 
component of the urban energy model framework. In this chapter firstly the annual 
electricity building connections will be determined based on the most important 
electricity usage explanatory variables. Afterwards the identified electricity connections 
in the urban built environment are associated with the identified load profile categories, 
to generate the hourly resolution usage load profile of the connections during the year.  

For the next two chapters (5, 6), each chapter begins with the explanation of the 
design process of the module followed by the implementation and application of the 
module and concludes with a scenario analysis. 

 CHAPTER 5 introduces the design process of the supply module as the second 
component of the proposed framework. In this chapter integrated analyses of how RET′s 
are allocated, what spatial and energy implications they will have and what will be their 
financial outcomes are addressed. The module for the given settings generates the most 
optimized configuration of RET′s which realize the electricity demand of the area. 

 CHAPTER 6 presents the design process of the storage module as the last component 
of the framework. In this chapter storage systems are integrated and their effects as a 
balancing buffer will be investigated. This chapter is composed of four main parts 
including introducing the existing storage technologies, integrating storage technologies 
in the renewable-based energy systems, designing the storage optimization model and 
the implementation and application of the module on the study area. 

The outcomes of the sensitivity analysis are reported in  CHAPTER 7. This chapter 
will determine which input parameters exert the most influence on the outputs of the 
modules. The sensitivity analysis is conducted for three different configurations of 
RET′s, including PV-panel, wind turbine and combined configuration of PV-panel and 
wind turbine to analyze the behavior of the modules for each configuration. A series of 
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sensitivity tests are performed, varying a range of input parameters. Subsequently the 
effects will be examined to show how the modules work at a more detailed level. 

For the illustration of the performance of the proposed framework two 
demonstrations are presented in  CHAPTER 8 to show the effects of various energy 
policies on the outputs of the modules. The first demonstration is the introduction of the 
up-front energy subsidy and the second one is applying the electricity real-time pricing 
policy. The outcomes of the demonstrations are discussed in terms of the effects on the 
cost of energy, cost of storage and renewable and storage technology configurations.  

The dissertation ends with  CHAPTER 9, presenting the conclusions and 
recommendations for further research.  
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  CHAPTER 2
Urban Energy Models Review1 

2.1 Introduction 

In the previous chapter, the context and objectives of this research are introduced. 
This chapter provides an up-to-date review of the various urban energy modelling 
approaches and methods for modelling energy in an urban environment to assess the 
current state of practice and as the base to develop the proposed urban energy model 
framework in the next chapter. In urban energy modelling literature, three main 
modelling approaches are identified which underlie the proposed framework of this 
research, including:  

• Supply models 
• Demand models 
• Storage models 

This chapter examines the current state-of-the-art of the identified approaches in 
relation to the objectives of this research. Each approach relies on different levels of 
input information, different calculation or simulation techniques, and provides results 
with different applicability. A critical review of each approach, along with a review of the 
models reported in the literature is provided here. Three major issues are addressed in 
this chapter: firstly, defining the urban energy modelling and describing the major 
features of such tools, secondly, examining thoroughly the identified modelling 
approaches and finally, highlighting the major trends for advancing the current research 
practice on the urban energy modelling. This chapter begins with defining the urban 
energy model and describing the adopted approach which is used to categorize the urban 
energy models (Section  2.2). Sections  2.3,  2.4,  2.5 and  2.6 present comprehensive reviews 
of the current urban energy modelling approaches and highlight their key features. 
Section  2.7 discusses the major finding of the current modelling approaches. Section  2.8 
highlights a number of major new trends in the current urban energy modelling practice 
which are inferred from the review. The conclusion summarizes the major findings of 
the chapter. 

                                                      
1This chapter is based on Mohammadi, S., Vries, B., & Schaefer, W. (2013). A Comprehensive Review of Existing Urban Energy 

Models in the Built Environment. In S. Geertman, F. Toppen, & J. Stillwell (Eds.), Planning Support Systems for Sustainable Urban 
Development SE - 14 (Vol. 195, pp. 249–265). Springer Berlin Heidelberg. 
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2.2 Urban energy modelling 

Due to increasingly strict environmental commitments to minimize the 
consequences of climate change and global warming, coupled with increasing rates of 
urbanization, there is a growing interest in investigating and improving the energy 
performance of urban built environment [13]. In addition, future urban energy systems 
are expected to integrate a significant amount of distributed renewable energy sources 
[4], [14]. Accordingly, researchers from different fields of study have started to 
investigate how urban energy systems can be analyzed and modeled in order to improve 
their performance [15]. Until now, a wide variety of models and tools have been reported 
in literature to analyze the energy systems or sub-systems for the purposes of such as  
improving the energy supply system design given a specific level of demand, better 
understanding of the present and future demand-supply interactions, energy and 
environment interactions and energy system planning [16]. These models are developed 
using theoretical and analytical methods from several research fields including 
engineering, economics and operation research and deploy techniques from 
mathematical programming and statistical analysis for applications [16]. The major goal 
of these models is developing a tool for planners and policy makers to support evaluation 
of future alternative energy scenarios often as solutions to minimize the consequences of 
greenhouse emissions and cope with the scarcity of the energy resources, in complex 
systems such as urban environments [17].  

2.2.1 Urban energy model definition 

The urban energy model must be clearly defined and its major features should be 
characterized. [18] defined an energy system as “the combined processes of acquiring and 
using energy in a given environment”. The application of this definition in the urban 
environment context suggests four major features of the urban energy system as follows, 
which is also discussed by [15]. Firstly an urban energy system composed of different 
processes, such as resource extraction, conversion, transmission, distribution and 
consumption which are combined in the integrated system. In the fossil fueled-based 
urban energy system most of these processes are occurring outside of the urban 
environment boundaries, but in the renewable-based energy system these processes are 
fulfilled inside the urban boundaries which should be considered in the overall analysis 
of the energy system. Secondly, urban energy systems represent a balance between 
supply and demand. The balancing between supply and demand is the key element of 
any energy system. Historically, cities are regarded as centers of demand, which must be 
fulfilled from an ex-urban source [15] however, renewable-based resources suggest that 
there are significant opportunities in urban areas. Thirdly, in a balanced urban energy 
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system, storage is also one of the essential parts of the system. In the renewable-based 
energy system, a large part of the supply side is fulfilled by the uncontrollable renewable 
resources, which storage technologies have the capacity to absorb the variability of these 
resources and allow energy to be supplied continuously. Lastly, the urban energy system 
has geographical boundaries. When considering urban energy models, there are different 
definitions of urban boundaries which is reported by [15]. In this review, the urban 
energy model consists only of those processes and technologies that occur within the 
administrative boundaries of the urban environment. Eventually a model is considered 
as a formal representation of a natural ecosystem [19]. The above-mentioned features 
lead to the following definition of the urban energy model: an urban energy model is a 
formal representation of the urban energy system or subsystems composed of the combined 
processes of acquiring, storing and using energy to satisfy the required demands of a given 
urban area. 

2.2.2 Categorization approach 

The proposed definition of the urban energy model will encompass different models, 
approaches and techniques. Due to the diversity of the identified models in the literature 
in terms of their purpose, philosophy, features, capabilities, modelling technique, spatial 
and temporal resolution and input data, it is important to present a comparative picture 
of the models [16]. According to [13] urban energy models can be categorized as macro-
simulation, micro-simulation or hybrid of these two. At one extreme macro-simulation 
approaches represent the system as a set of interrelated stocks, flows and feedback 
mechanisms of resources between these stocks. In this approach using system dynamics 
(SD) urban energy system are simulated as an aggregation of buildings and renewable 
energy resources between which energy flows along with the associated feedback 
mechanisms. At the other extreme are micro-simulation approaches, in which individual 
buildings or technologies are represented in their true spatial context [13]. In this 
approach, for instance detailed data and simulation programs such as EnergyPlus or 
ESP-r are employed for modelling the behavior of individual buildings or technologies 
[13], [20]. Another categorization approach of urban energy models can be distinguished 
based on the application sides. On the demand side, advances to date have been based on 
predicting the energy demand of groups of buildings as distinct categories. These are 
techniques that estimate the energy demand of stocks of buildings based on 
extrapolation of results from representative building typologies [13], [20]–[22]. On the 
supply side, much of the literature has focused on the renewable energy technologies 
(RET's) and modelling the availability of renewable resources, particularly, solar and 
wind in urban areas. More recently the focus has been on producing models to optimize 
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the design of renewable based energy systems given the specific energy demand. In these 
models, geographical information system (GIS) and remote sensing (RS) data are 
deployed for evaluation of potential renewable resources [13], [23]–[26]. Lately, 
researchers tend to develop integrated energy models such as: SEP [27], LT-Urban [28], 
SUNtool [29], CitySim [30] and SynCity [31]. These models considered both sides of the 
urban energy system and their goal is developing design tools for planners and designers 
to support the evaluation of alternative scenarios. As mentioned, numerous approaches 
and techniques are applied to model the energy flow in urban areas. These models have 
constructed based on the different assumptions and levels of detail and vary in terms of 
data requirements, technology specification, skill requirements and computing demand 
that accordingly have different characteristics, capability and applicability [32], [33]. In 
literature, the classification of energy models has been provided using different criteria. 
The modelling technique has been applied to categorize the energy models into six 
groups, including linear programming-based method, input-output approach, 
econometric method, process models, system dynamics and game theory approaches 
[16], [34]. According to [16], [35] has considered the modelling approach (top-down 
and bottom-up), methodology (partial equilibrium, general equilibrium or hybrid), 
modelling technology (optimization, econometric or accounting) and the spatial 
dimension (national, regional and global) to identify different approaches to classify the 
energy models. In this review the categorization approach based on the application side 
of the models in the urban energy system is adopted. Supply, demand and storage are the 
major reviewed modelling approaches in this chapter. A critical review of these 
approaches is provided based on the key features including: modelling approach, input 
data requirement, policy capabilities, spatial and temporal focus. The next three sections 
will examine the modelling approaches in detail. 

2.3 Urban energy supply models 

Urban energy supply models as the first category of the urban energy models 
connected with the supply side of the urban energy system, mostly concentrate on the 
availability of renewable resources. The typical aim of these models is estimating the 
potential availability of renewable resources in the urban area at different spatial scales. 
Modelling the availability of renewable resources, particularly solar radiation and wind 
power in urban settings has a long history, going back to the simple computer models to 
aid designers and planners in urban planning [36]. Recent works have focused on the 
modelling the availability of renewable energy resources for energy conversion 
technologies to compensate the urban load demand or as supplement to balance the 
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power grid [36]. More recently the focus has been on the developing models to optimize 
the design of the renewable-based energy systems given the specific energy demand and 
a number of technical restrictions [13]. This review focused on the renewable 
technologies that are technically and spatially feasible to apply at the building and urban 
levels, including PV-panels and urban wind turbines. In the following sections ( 2.3.1 
and  2.3.2) most recent literature on the application of these technologies  in urban areas 
are reviewed. 

2.3.1 Urban wind turbines  

Wind energy is among the best alternative energy resources for the urban built 
environment as it is clean, affordable, safe, and available in the long term [37]. In recent 
decades, various attempts have been made to explore wind energy and improve the wind 
turbine application to optimize the operation of wind turbines in a highly turbulent 
urban built environment. Until now installing wind turbines in the urban periphery or 
green areas and integrating wind systems into the buildings are the two main approaches 
that have been applied to integrate the urban wind turbines in the built environment in 
large scale [37]. Although integrating wind turbines in the built environment typically 
entail various challenges such as ,but not limited to, turbulence, noise, size, visual impact 
and vibrations, however, in recent years, they have been widely deployed as they can 
generate energy locally and eliminate the need to expand the power grid network [37], 
[38]. Installing wind turbines in the urban periphery or green areas involve additional 
expenses to transmit power to the populated area and consumption points. It also 
requires detailed spatial planning and site selection in order to take maximum advantage 
of the local wind resources [37], [39]. Many researchers have studied the urban scale 
application of the wind turbines mainly focusing on the wind flow and wind resource 
exploitation [6], [38], [40]–[45][46], site selection and optimal location of wind turbine 
[39], [47]–[50], technology types [37] and potential environmental issues caused by wind 
turbine developments [51]–[56]. These issues are discussed in detail in the following 
subsections. 

2.3.1.1 Wind flow assessment in urban environment 

The wind turbine application in the urban environment faces significant challenges 
firstly due to the complexities associated with the aerodynamically rough and 
heterogeneous urban terrain and secondly the planning restrictions regarding safety, 
noise and visual impact [5]. Examining the geographical distribution of wind resources, 
characteristic parameters of the wind, topography and local wind flow and measurement 
of the wind speed at different heights are essential in the evaluation of potential wind 
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resource for successful application of wind turbines in the urban areas [57]. Until now, 
few studies focusing on the urban wind flow with a view on wind turbine applications 
has been conducted [5], [37]. Within an urban environment, the terrain surface 
roughness influences the wind speed and direction which accordingly wind turbines 
should be placed high enough to capture strong winds and be above any turbulent air 
[37], [58]. A crucial factor in siting, and operation of wind turbines is the ability to assess 
and characterize available wind resources. The average velocity of the wind in urban 
areas is lower than the flat areas [38]. Since even small changes of velocities cause 
significant loss of power, accordingly extra measure should be considered in siting the 
optimal installation location of wind turbines [41].According to [41] low wind speeds, 
high levels of turbulence and high aerodynamic noise levels generated by the turbines are 
among the main issues that hinder the promotion of wind turbines in the urban 
environment. Since assessing wind resources provide important information on siting, 
design and performance prediction of wind turbines, several methods have been 
developed to extract the wind speed data within the urban built environment [37]. 
Among some of the widely used methods for measuring wind speed are numerical 
models, experimental models and computational fluid dynamics (CFD) models [37], 
[41], [59]. According to [59] numerical models have been applied to assess the airflow 
through buildings however many researchers [60]–[62] considered these models difficult 
to use, time consuming and requires a thorough knowledge of fluid dynamics. CFD 
models are also regarded as the extension of the numerical models as they relies on 
solving the Navier-Stoke equations [59]. In situ measurements, is one of the most 
accurate tool for assessing wind flow on a particular site particularly in urban 
environment [59] however, it involves high cost and requires months or years of data 
acquisition [41]. According to [59] wind tunnel was originally developed for aeronautic 
and industrial engineering, however some researchers [62]–[67] have used it for 
assessing wind flow in the urban built environment. The results have shown that the data 
obtained from these experiments are reliable [59]. On the other hand, CFD models are 
practical and effective alternatives to the other two approaches and CFD packages have 
gained popularity both in research and academic communities as they can  provide a 
deep insight into the flow field around the built environment [41]. [59] predicted that 
due to the computational power, CFD will be increasingly applied to assess the wind flow 
in the urban built environment. According to [5] the application of CFD to ascertain the 
potential of wind turbines, has shown the sensitivity of energy output to turbine position 
and mounting height with regard to the building. Besides CFD, [5] also have reported 
other tools such as μ-wind software and wind atlases which can provide guidance on a 
regional scale to assess the wind potential with considering the terrain roughness and the 
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height of the turbine. Wind atlases have been developed based on using air flow models 
to account for the effects of topography and provide estimated wind speed at 10m higher 
above the surface at a horizontal scale of 1km2 which are useful for assessing wind farms 
siting [5]. 

2.3.1.2 Wind turbine site selection 

As indicated above, wind energy development in an urban environment is 
significantly sensitive to the local conditions which makes understanding how these 
factors affect wind turbine application essential [39]. Due to the complex nature of the 
wind flow in urban areas and the difficulty in estimating the potential wind resource, 
there has been poor siting of the wind turbines, which consequently make need to 
develop an accurate method of evaluating the wind resource across urban areas to 
optimize the installation of the wind turbines [40]. This has led many researchers to 
study the site selection of wind turbines. [48] has developed a rule-based method to 
evaluate and target suitable wind power sites based on biophysical and socio-political 
factors that influence the placement of turbines. A decision support system has been 
designed by [68] to evaluate the building of wind farms in the Walloon Region area in 
Belgium using 40 criteria (landscape or environmental) corresponding to three levels of  
constraint. A decision support system implemented on a GIS platform has been 
developed by [69] to assist in the selection of consensual locations for the construction of 
new wind farms at locations with higher economic profit. A greedy improved heuristic 
methodology is developed by [70] to find the wind energy conversion system positioning 
that maximized profit. Both [49] and [71] used evolutionary algorithms to obtain 
optimal placement of wind turbines for maximum production capacity while limiting 
the number of turbines installed. [50] applied multi objective optimization and Monte 
Carlo simulations to determine the optimal placement and arrangement of wind 
turbines that maximized energy production and minimum cost installation criteria. [72] 
develop a simulation method that provides objective indicators to help system planners 
decide on appropriate installation sites, operating policies, and selection of energy types, 
sizes and mixes in capacity expansion when utilizing wind energy in small isolated 
systems. [73] describe the flow features and guidelines for siting of urban wind turbines 
in the urban built environment concerning the probability distribution of the wind 
speed. 

2.3.1.3 Common types of urban scale wind turbines  

Although there are many different configurations of wind turbines, two common 
types of wind turbines deployed in urban environments are horizontal axis wind 
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turbines (HAWT′s) and vertical axis wind turbines (VAWT′s) [37], [74]. In order to 
design appropriate wind turbines for urban built environment application the 
performance of various HAWT′s and VAWT′s have been examined by [37], [74]–[78]. 
The axis of rotation of the blades of HAWT′s is in a horizontal direction and the wind 
blows through blades during the operation, converting wind energy into kinetic energy 
[37]. Due to the sensitivity of HAWT′s to the wind flow direction, this type of turbine 
required repositioning into the wind flow direction if there are any changes in the wind 
direction [37]. The VAWT′s have vertical axis blades. The main advantage of these wind 
turbines comparing to the HAWT′s is that they do not need to face wind directions and 
due to the highly turbulent nature of the wind in the urban built environment, they 
provide a better performance [37]. The most important differences between the two 
types of wind turbines are summarized in Table  2-1 according to [74]. 

Table  2-1 Summary of the main differences between HAWT′s and VAWT′s 

 VAWT′s HAWT′s 
Blade profile Simple Complicated 
Pitch mechanism possible Yes Yes 
Tower Yes Yes 
Guy wires Optional No 
Noise Low High 
Blade area Moderate Small 
Generator position On ground On top of tower 
Blade load Moderate High 
Self-starting No Yes 
Tower interference Small Large 
Foundation Moderate Extensive 
Overall structure Simple Complicated 

2.3.1.4 Environmental issues associated with the wind turbine installation 

Incorporating wind turbines into urban built environments involves various 
challenges. The major challenges are environmental issues regarding noise and visual 
impacts, wildlife effects and safety that are generally reflected in the planning legislation 
that administers their deployment in the urban areas [5]. Visual impact is one of the 
main negative impacts of the wind turbines. According to [51] the visual impact of wind 
turbines vary according to the technology specifications such as color, size, distance 
from the residences, shadow flickering and times of operation. [38] claims that in a 
densely built environment, however, buildings and their auxiliary facilities share the 
visual impact with the wind turbines. The noise pollution is the most critical 
environmental impact of wind turbines [51]. Most of the noise pollution comes from 
conversion and generation machinery (mechanical noise) and the blades of wind 
turbines when they interact with the airflow (aerodynamic noise) [38], [51]. According 
to [51] while mechanical noise can be mitigated at the design stage or during operation 
by acoustic insulation curtains and anti-vibration support footings, the aerodynamic 



19 

 

noise can be reduced by vertical axis wind turbines or careful design of the blades. [38] 
reported that laboratory experimentation showed that at the high wind velocities, the 
noise due to the circulation of the wind around the building is higher than the noise 
generated by the wind turbine. Some minor wildlife effects of wind turbines particularly 
in flat-terrain wind facilities are reported by researchers [79]–[82] although [51] have 
reported that the impacts are significantly smaller compared to other sources of energy 
such as fossil fuels. [51] categorize the wildlife impacts to direct impacts, such as 
collisions with the wind turbines and indirect impacts such as habitat disruption and 
displacement. Safety is also a fundamental aspect to consider [38]. For each wind 
turbine, an analysis of the resistance to fatigue of both the structural and mobile 
components must be conducted. Because of the substantial momentum the detachment 
of a blade can cause a very serious accident that make it necessary to establish a safety 
perimeter around the wind turbine facility [38].  

2.3.2 Solar potential modelling in urban areas 

Solar radiation is a clean and abundant source of energy that with fast technological 
improvement, decreasing costs and increasing public acceptance, will become an 
inevitable part of our future urban energy system [83]. Over the last few decades, many 
researches have been conducted considering the solar potential of urban settings, 
including both passive solar gains and active harvesting of solar energy for electricity 
generation [24]. In this regard modelling the availability of solar radiation in the urban 
setting based on the morphological and geospatial parameters for use by converting 
technologies or natural lighting has gained considerable attention. In particular, this has 
accelerated with the development of the ray tracing tool, RADIANCE, for simulating 
annual solar irradiation incident on the urban surfaces [36]. In the ZED project, the 
RADIANCE tool was applied to examine the solar exposure of cities and measure the 
solar penetration in urban areas [84]. Later the PRECis project was applied to examine 
the relationships between the urban form parameters and the solar and daylight 
availability in urban areas [24], [84]. Furthermore, [85] integrated the photovoltaic 
thermal and electrical models into the PRECis to explore the energy and environmental 
performance of a ventilated PV-panel system in the urban context. [86] proposes an 
approach for evaluating the total annual irradiation incident on building facades in 
urban settings based on the physical-based rendering approach. The irradiation maps are 
derived from hourly time-series data for a year and take accurate account of shading by 
other buildings. The irradiation maps are evaluated and the sky contribution is 
calculated using non-isotropic models for the sky radiance distribution. The generated 
maps are used to identify facade-locations where there is high irradiation to aid the 
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siting of the PV-panels [86]. [87] developed an analogous method, but based on pre-
processing of sky radiance distribution for individual skies/suns. Spatial distributions of 
solar irradiation and daylight fluxes over the overall building facades and roofs were 
calculated in the SOLURBAN project using ray-tracing simulation techniques to 
determine the appropriate placement of different solar technologies for three Swiss cities 
(Basel, Geneva and Fribourg) with different levels of building density. By comparing the 
results of the cases it has been observed that there is an inverse relationship between 
urban density and the potential surface areas for façade and roof mounted solar 
collectors [87], [88]. According to [24] more aggregated measures, including the sky 
view factor, the height to width ratio; the urban horizon angle and the site coverage are 
used to examine the relationships between density and solar potential for utilizing solar 
radiation of urban district forms. These studies revealed that aggregated measures of 
morphology are useful in diagnosing causes for a district radiation availability [89], [90]. 
To address the neighborhood-scale analysis of the availability of renewable resources, 
particularly solar radiation recently comprehensive simulation programs including 
SUNtool [29], [91] and its successor CitySim [30] have been developed to predict the 
performance of the solar energy technologies in the urban built environment. Knowing 
the potential capacity of the solar energy generation in urban environment besides the 
spatial distribution and characteristics of the best locations for the installation of solar 
energy systems, can lead to the expansion of RET's [92]. According to [92] spatial based 
approaches are essential to determine the most suitable locations and in this context, GIS 
and RS are effective sources of geospatial data. Using RS data and GIS-based solar 
models the urban surfaces can be modeled and the solar income at each location can be 
estimated. At the urban level, the use of geospatial-based models associated with the 
solar radiation tools to assess the incoming solar radiation allows modelling inclined 
surfaces, while considering shadows from surrounding buildings or other topographic 
features [93]. In addition, the geospatial-based solar models can be updated on a regular 
basis and can be used for monitoring the effects of policy applications [92]. In this 
context several geospatial-based solar models and tools such as ArcGis Solar Analyst [94] 
GRASS r.sun [95] and RayMan [96] have been implemented. These models use raster 
maps for terrain, latitude, turbidity, radiation and clear-sky index in order to produce 
irradiation maps, reflectance and shadow maps for horizontal or inclined surfaces [83], 
[93]. Several studies of solar resource and photovoltaic rooftop availability using these 
tools have been reported in literature which reviewed by [83]. Although the cityscape 
includes substantial vertical surfaces, which can be used for installing solar energy 
technologies [93] however, the above-mentioned tools mostly consider rooftops solar 
potential and are not capable of considering facades or any vertical surfaces of the built 
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environment since vertical surfaces correspond to discontinuities in the digital elevation 
models that they are based on [93]. In these models vertical surfaces are only represented 
as inclined surfaces or just disappear altogether, not allowing any calculation on them 
[93]. The accuracy of measuring and modelling solar radiation on the urban 
vertical surfaces highly depends on the quality of the 3D city models [92]. In the last 
decades, aerial Photogrammetry is significantly used to produce highly accurate and 
detailed topographical and 2D maps, but the ability of this technique to generate 3D 
information over large areas is limited. LIDAR (Light Detection and Ranging) is an 
airborne mapping technique that has been used to produce remarkably detailed and 
accurate high density georeferenced 3D city models. Consequently, LIDAR mapping has 
become an accurate, cost-effective alternative to the conventional technologies for the 
creation of altimetric data at vertical surfaces [92]. Several approaches to automatic 
detection and extraction of 3D urban surface from LIDAR data and digital surface model 
have been proposed by [97]–[100]. 

2.4 Urban energy demand modelling 

Urban energy demand models as the second category of the urban energy modelling 
approach seek to determine the energy requirement of the built environment as a 
function of the input parameters. Models can be applied for different reasons, but the 
most common use is determining energy supply requirements for a specific area or 
evaluation of the changes in the energy consumption of the built environment due to the 
upgrade or addition of new technology [32]. The main energy forms considered in the 
literature are electricity and thermal energy and the most frequently considered building 
types are residential, service and industrial buildings, varying from small rooms to big 
estates [101]. Modelling energy demand of the built environment is significantly 
complex, as the energy types and building types vary greatly and it is influenced by 
various factors such as physical, constructional and behavioral characteristics [36]. Due 
to the complexity of the problem, often a precise prediction is not feasible. In recent 
years, a plethora of energy demand prediction models has been proposed and applied to 
a broad range of problems which vary considerably in terms of data input requirement, 
disaggregation levels, the socio-technical assumptions and accordingly the type of results 
and scenarios that they can assess and predict [33]. Broadly, there are two fundamental 
classes of modelling methods used to predict and analyze the energy demand of the built 
environment: the top-down and bottom-up approaches [3], [32], [33]. The terminology 
is related to the hierarchal position of the input data compared to the built environment 
as a whole [32]. While top-down models attribute the total energy demand of the built 
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environment to the characteristics of the entire building stock, bottom-up techniques 
calculate the energy demand of individual or groups of buildings and then extrapolate 
these results to the whole area [32]. The level of detail of model inputs depends on the 
model aim, availability of data, approach of analysis and underlying assumptions [32]. In 
addition, recently a spatial evaluation of energy demand with incorporation of new data 
collection and extraction techniques has been introduced. In the rest of this section, an 
up-to-date overview of the various modelling techniques which are used for modelling 
the energy demand of the built environment is provided. Next each of the demand 
modelling techniques is elaborated in more detail. 

2.4.1 Top-down approach 

The top-down modelling approach works at the aggregated and macro level, and 
treats the built environment as an energy sink [32]. These models tend to be used to 
investigate the interrelationships between the energy sector in urban area and other 
aspects such as economy and socio-demographic characteristics of the large scale [33]. A 
variety of variables can be used in these models, such as socioeconomic variables, 
climatic conditions, stock building construction rates, etc. These models broadly 
categorized as econometric and technological models [32], [33]. The econometric 
models are based on the interconnection between energy use with socioeconomic 
variables to examine the connection between the energy sector and macroeconomic 
indicators. As these models, mostly concentrate on the macroeconomic performance 
based on the historical data, they often lack details on future technological changes in the 
built environment that truly affect energy demand [33]. The technological models 
examine the energy consumption to more detailed technological and physical 
characteristics of the built environment that influence energy use, such as: saturation 
effects, technological progress, and structural change [33], [102]. The main strengths of 
top-down approach are simplicity and reliance on the aggregate data which are widely 
available. Although this can be a drawback as these models have no capability to model 
discontinuous advances in technology. Moreover, the lack of detail regarding the energy 
behavior of individual end-users restrains the capability of these models to examine the 
effect of any measures to reduce the energy demand [32]. The development and 
application of a top-down modelling approach comes back to the energy crises of the late 
1970s, when researchers attempt to investigate the impacts of energy price and change in 
the consumption patterns on the end user behavior for national energy planning [32]. 
Primarily these models were more econometric models based on the statistical data that 
energy consumption expressed as a function of simple econometric variables. [103] 
proposed a U.S. residential annual energy consumption model that is based on the 
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economic and housing ownership changes, and the model has developed into an 
economic model, including housing ownership and technical parameters. His work was 
developed over the following years and resulted in an econometric model, which had 
both housing and technology components. [104] developed an engineering-economic 
model to simulate residential energy use in New Zealand that was sensitive to the major 
technological, economic and demographic variables. Based on the Genetic Algorithm 
(GA) [105] developed the Energy Input Estimation Model to estimate Turkey’s future 
residential-commercial energy demand based on the GDP, population, import, export, 
house production, cement production and basic house appliances consumption figures.  

2.4.2 Bottom-up approach 

The bottom-up models are built up based on the data on an individual level to 
investigate the contribution of end user on energy usage in urban and regional level. 
These models can be used for simulation of energy use for individual occupants, 
building or groups of buildings and then extrapolate the results to represent the city or 
region, based on the representative weight of the modeled samples [22], [32]. Bottom-up 
models work on a micro level, therefore for evaluating the energy use, they need 
extensive databases of empirical data to support the description of each user [106]. The 
physical characteristics of the built environment such as geometry, envelope fabric, 
appliances and indoor temperatures and occupancy and equipment schedules are a 
major common input data for the bottom-up models [32]. In this approach a high level 
of detail is used which provides modelling of the many technological and technical 
changes in the built environment. The main strength of the bottom-up approach is the 
capability of determining the total energy demand of the whole sector without relying on  
historical data [32] however, as they work at a disaggregated level, they need extensive 
databases of the empirical data to support the description of each component [33]. As 
these models evolved, they may be used to estimate the energy consumption of the 
buildings representative of the built environment and then results can be extrapolated to 
the entire urban or regional level. Based on the input data type and structure, statistical 
and engineering methods are the two main approaches of the bottom-up approach 
which are applied to determine the energy demand of the built environment [32], [33], 
[101]. 

2.4.2.1 Statistical methods  

Statistical bottom-up models simply correlate the urban energy demand of the built 
environment with the influencing variables [101]. These empirical models rely on 
historical performance data and types of regression analysis method which are used to 
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attribute building energy consumption to particular end-users [32], [101], [107]. Once 
the relationship has been established, the model can be used to calculate the energy 
demand of the built environment [32].  The statistical models use building energy 
demand data from a sample of buildings and one of regression techniques to regress the 
relationships between the energy demand and end use characteristics such as, among 
others, macroeconomic, energy price and income [32]. Although, a wide variety of 
statistical modelling techniques have been applied, however, most of the bottom-up 
statistical models are based on the regression techniques [32], [33], [108]. The regression 
techniques regress the building energy demand onto variable or combinations of 
variables which are expected to affect the demand [32]. Many researchers have applied 
statistical analysis to estimate the energy demand of the built environment. [109] 
proposed a simplified correlation method to handle both heating and cooling aspects 
applied to buildings in which both loads contribute to the energy demand. [110] applied 
a model of residential space heating demand in Canada, which incorporates economic, 
family-composition and structural housing factors as explanatory variables. The results 
indicate that residential consumers of space-heating fuels in Canada exhibit a price 
response that is significantly different from zero. [111] developed a statistical model that 
establishes a relationship between the annual electricity consumption per capita and a 
number of variables related to urban density, demography and meteorological data as 
well as economic activities which characterize a sample of Canadian cities. The cooling 
load of a building is regressed on the building parameters such as orientation, window 
glass shade type, number of glass panes used, wall insulation, roof type and floor type by 
[112]. [113] evaluates statistical regression models for predicting energy savings from 
office buildings retrofit projects in hot summer and cold winter region, and focuses on 
single variable linear models based on outdoor dry bulb temperature. The integrated 
model based on the multiple linear regression and self-regression methods is proposed 
by [114] to predict the trend of power consumption in the large scale public buildings 
quantitatively in Xi'an city. A set of linear regression models of the daily energy 
consumption as a function of the length of the measurement period from 1 day to 3 
months are developed by [115] and the results are compared with the actual annual 
heating energy consumption. These analyses show that the length of the measurement 
period has a significant impact on the accuracy of the predicted annual energy 
consumption of buildings. A robust regression of the heating losses on the outdoor 
temperature based on quantile-quantile plot is proposed by [116]. [117] investigates the 
use of conditional demand analysis (CDA) method to model the residential end-use 
energy demand at the national level and compared the results with those of a neural 
network (NN) and an engineering based model. The results indicate that the CDA is 
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capable of accurately predicting the energy consumption in the residential sector [117]. 
CDA was also employed by [118], [119] for analyzing residential energy consumption.  

2.4.2.2 Engineering methods  

The engineering methods use physical principles and end-users' characteristics to 
calculate the energy demand of the built environment [101]. As this method relies on 
information on the building characteristics and end-users to calculate the energy 
demand based on end user characteristics and thermodynamic principles, accordingly 
this technique has a capability to model the energy effect of any new developments or 
technologies without relying on the historical data [32]. Hundreds of software tools 
based on this approach have been developed for evaluating energy behavior of the built 
environment, such as DOE-2, EnergyPlus, BLAST, and ESP-r [101]. Comprehensive 
reviews of these tools have been conducted by [101], [120], [121]. According to [33] 
engineering methods generally include the consideration of a sample of buildings 
representative of the entire built environment and utilization of a building energy tool to 
estimate the total energy demand based on the detailed buildings physically measurable 
variables. An engineering model level of complexity is often determined by its core 
simulation tools, for example, the most widely used physically based model for the 
calculation of domestic energy demand in the UK is BREDEM that is based on the 
physics of heat flux in buildings that can be used to estimate the annual consumption 
from monthly estimates of space heating, water heating, cooking, appliances and lighting 
[15], [33]. The engineering methods can be applied to the set of buildings that represent 
the main classes of building stock often referred to as archetypes [32]. The representative 
numerical approach was applied by [122] to develop archetype house characteristics to 
the modelling of a large building stock using the data gathered from various surveys of 
housing stock in Canada. The applied characteristics include size and type of a house, 
composition of envelope components, heating and hot water equipment data, air 
tightness and ventilation parameters and base loads and operating conditions. As the 
archetype modelling method typically involves highly detailed simulation of the limited 
number of archetypes, they are often used as the input for the building simulation 
software as they reduce the simulation time compared with the sample technique which 
models each house within a database [32]. [123] develop an energy and environmental 
prediction model to simulate the energy consumption and associated emissions of each 
dwelling in Neath Port Talbot, the UK based on the extrapolation of results from 100 
representative building typologies. The model employs building fabric, glazing, 
ventilation, water heating, space heating, and fuel costs (the results are also reported in 
[124], [125]). Using a same approach [21] proposed a residential energy consumption 
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model on the city scale for Osaka, Japan. Archetypes were developed based on the 
occupant behaviors and constructional characteristics of dwellings. Each archetype was 
simulated and multiplied by the number of dwellings it represents to calculate the total 
energy consumption in the residential sector estimated. The results show that the total 
estimated residential energy use is less than historical values and estimated unit energy 
consumption is larger than statistical values. A significant difference in this model 
comparing with the [123] is incorporating behavioral factors in the simulation model 
using detailed survey statistics. [126] develop a bottom-up engineering approach based 
on the constructional features and occupancy characteristics. It provides insights into 
the changes required in all the components of urban energy systems from the equipment 
level to the entire building and systems level. Moreover, [22] increased the scale of 
analysis to the city scale and proposed a general methodology based on the prototypical 
approach. In this methodology, building stock is divided into several categories based on 
the physical or behavioral characteristics and then energy use for each category is 
quantified using prototypical buildings that representing a whole building stock 
category. The model revealed how the classification of building stock, according to a 
number of building properties improves the accuracy of the simulation model.  

2.4.3 Spatial analysis of energy demand 

With spatial evaluation the energy demand of the built environment can be 
determined more efficiently and effectively without costly on-site measurements [127]. 
Therefore, this section reviews the integration of the urban energy demand models with 
GIS and RS technologies as commonly used tools for spatial data extraction and 
management in the urban planning domain. It demonstrates how these technologies can 
be deployed to facilitate the acquisition and extraction of building data and spatial 
parameters from the building footprints. GIS and RS technologies fulfill the large data 
requirements of the urban energy models without the need of visual inspection and long 
survey of the properties [123]. [127] introduced a prototype building energy modelling 
approach to estimate the baseline energy consumption of the built environment. In this 
research, they demonstrate how effectively buildings constructional and geometrical 
data, including form, area, perimeter, exposed size, and orientation can be extracted 
from areal maps to utilize in the energy analysis. [128] combine annual building energy 
simulations for city-specific prototypical buildings and available geospatial data in a GIS 
framework for estimating hourly energy consumption profiles in the building sector at 
spatial scales down to the individual parcel. Based on a systematic approach, [129] 
combines GIS databases and a modified version of the Standard Assessment Procedure 
(SAP) algorithm to estimate the heating demand of the residential users for exploring 



27 

 

the impact of urban built form on the domestic energy consumption in London. In the 
last decades, aerial Photogrammetry was significantly used to produce highly accurate 
and detailed 2D and 3D maps [92]. The availability of 3D data sources enables 
researchers to use 3D models to analyze the energy behavior of the built environment. 
Beginning in the early 1990s, first 3D city models were built and deployed for 
representation of a city in the urban planning and until now, the deployment of a 
comprehensive 3D model is still the focus of many researchers [130]. Today by 
employing high quality remote sensing data, technology capability has reached a level 
where 3D models can be obtained much easier. In addition cloud computing 
infrastructures and various software applications intensify the 3D analysis applications 
in urban energy analysis [29], [36]. Consequently 3D city models can be utilized as a 
powerful  tool for energy evaluation at the large urban scale applications. [131] develop 
an urban energy management tool to evaluate the heating demand of the urban district 
and analysis appropriate measures to improve the building energy performance. For this 
purpose, a method was developed that enables an automatic extraction of the building’s 
heating volume from a Geo-information system. LIDAR technology as an airborne 
mapping technique was utilized to extract the buildings characteristics such as volume, 
footprints and heights and allows generating a 3D model of the analyzed area. Based on 
the 3D model required input data for analysis is generated [131], [132].  

2.5 Urban energy storage models 

Decentralized application of the RET's in the urban environment in the form of 
micro-wind turbines or PV-panels lead to the growth in penetration of renewable energy 
resources. However, most of the renewable resources have intermittent and random 
nature as they entirely depend on the weather conditions and diurnal variations [10]. As 
a result generated renewable energy cannot be dispatched consistently and this means 
that if renewable electricity is not stored, it must be utilized as soon as it is generated 
[133]. These inconsistencies in supply can be mitigated to a certain extent by provision 
of backup from energy storage systems [12]. Energy storage systems have a capability to 
absorb the variability of the renewable energy resources and allow renewable energy to 
be dispatched smoothly [133]. According to [134] energy storage system refers to a 
process of converting electricity from a power into a form that can be stored for 
converting back to electricity when needed and can provide benefits by mitigating the 
peak loads and load leveling. Energy storage systems can also add flexibility to the 
electrical system and help to manage increasing peaks in demand instead of upgrading 
the electrical network which is the traditional approach usually taken in urban energy 
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systems [10]. In the recent decade, the investigation of the application of storage 
technologies in the renewable-based energy system has attracted many researchers. 
According to [133] while some of these studies have emphasized on the roles of major 
energy storage technologies (EST's), a major part of the literature focused on the 
application of storage systems in the renewable-based energy system.  

In the first category, most of the publications have focused on the review of the state 
of the storage systems that are deployed for power management on different levels, 
including compressed air energy storage (CAES), flywheel energy storage (FES), pumped 
hydro energy storage (PHES), battery energy storage (BES), flow battery energy storage 
(FBES), super-conducting magnetic energy storage (SMES), super capacitor energy 
storage (SCES), hydrogen energy storage, synthetic fuels, and thermal energy storage 
(TES). An executive overview of different storage technologies and their applicability in 
a sustainable power system has been researched by [135]. The study examines how the 
power operators might derive profits from absorbing unanticipated renewable variability 
in reserve markets, and the resulting interaction between storage and a renewable energy 
producer. [136] present a review of storage systems used for the integration of 
intermittent renewable energy sources based on the reliability and maturity of each 
technology. [137] review the available energy storage techniques applicable to electrical 
power systems and compare in order to determine the most appropriate technique for 
each type of application based on the permanent or portable storage and maximum 
power required. [138], [139] present a critical review of the progress and deployment of 
electrical energy storage systems for stationary applications considering their technical 
characteristics, applications and deployment status. The present status of battery storage 
technology and methods of assessing their economic viability and impact on power 
system operation are presented in [140]. [141] explore the role of energy storage in the 
electricity grid, focusing on the effects of large-scale deployment of variable renewable 
sources. A review of different system configuration, unit sizing, and control and energy 
management approaches for optimal design of hybrid renewable/storage energy systems 
are presented by [142]. [143] assess different electric energy storage systems for storing 
electricity generated from renewable energy sources and identified the suitable system 
based on the various available technologies and their economic performances in Saudi 
Arabia. [144] describes the history, present state, and future prospects of underground 
pumped hydro for massive energy storage and examines the cost per GW of the 
pumping station and the cost of storage capacity. [145] present a review regarding the 
main characteristics of the electricity storage technologies and their significance in the 
urban built environment. A qualitative methodology based on the multiple comparisons 
according to different characteristics such as energy and power density, durability and 
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capability, response time and cost of storage to select the appropriate storage technology 
or mix of technologies for different applications are presented in [146]. [133] and [147] 
examine the cost of EST's that are currently engaged for power applications, including 
pumped hydro, compressed-air, battery, flywheel, capacitor, super-capacitor, super-
conducting magnetic and thermal systems.  

Several studies also examine the applicability of the storage systems and their 
economic feasibility for the PV-panel load management. While [148] and [149] evaluate 
the integration of the battery storage systems with the PV-panel systems, [150] 
introduces a residential PV-panel storage system for power quality management. [151] 
review distributed photovoltaic generation and energy storage systems which aiming to 
increase overall reliability and functionality of the system. Measurement data of seven 
households in Belgium have been used by [152] to determine the optimal storage size for 
grid-connected dwellings with PV-panels for daily cycles and peak demand. [153] 
present an optimal power management mechanism for grid connected photovoltaic 
systems with storage. [154] for a grid-connected, combined photovoltaic-battery storage 
system, quantify the economics of demand side applications and optimize the energy 
storage dispatch schedule for demand charge management. [155] present an overview of 
the challenges of integrating solar power to the electricity distribution system, a technical 
overview of battery energy storage systems, and illustrate a variety of modes of operation 
for battery energy storage systems in grid-tied solar applications. [156] propose a 
technical and economic model for the design of photovoltaic and battery energy storage 
(BES) system in which the demand is mainly satisfied by the PV–BES system and 
purchasing the electricity from the grid as the backup source.  

The impacts of integrating the EST's with the wind power systems as a supporting 
medium are also examined in the literature from different aspects. According to [157] 
the energy storage systems can be considered as an effective solution to enhance the 
reliability and stability of wind power systems. [157] has highlighted various applications 
of the storage system for the wind power systems from different sides, including; 
dispatch management from generation side, mitigate variability and uncertainty of the 
entire grid for the grid side and fulfill the requirements of both vehicle owners and grid 
operators for the demand side. For a specific storage system application [158] examine 
the economic and technical feasibility of integrating CAES with wind power system, 
using wind power data, hourly electricity prices, and monthly gas prices in Texas. The 
results suggest that CAES technology is not a competitive method of power integration 
under current electricity price. In another application [159] propose an energy 
management strategy for a flywheel-based storage device to smooth the net power flow 
injected into the grid by a variable speed wind turbine. The results showed that the 
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higher wind power, the higher optimal speed of the flywheel. For battery application, 
[160] suggest control strategies for integrating Vanadium Redox flow battery into the 
transmission system for enhancing the integration of wind power. Also [161] present the 
field results and analyses quantifying the ability and the value of Sodium Sulfur battery 
toward shifting the power generation from off-peak to on-peak for grid integration of 
wind power. To balance the wind intermittency by employing hydro reserves and 
demand response strategies[162] propose an algorithm to optimize the combined 
dispatch generation levels and demand response to an hourly dispatch schedule. The 
results show that the combined system can extend a firm offer to the market or 
equivalent bilateral contract when the wind is free and follows a unity profile. [163] 
proposed an optimization approach to accommodate wind output uncertainty, with the 
objective of providing a robust unit commitment schedule for the thermal generators in 
the day-ahead market that minimizes the total cost under the worst wind power output 
scenario. A wavelet-based capacity configuration algorithm was developed for a hybrid 
energy storage system by [164], which makes full use of ultra-capacitors and lithium 
batteries and allocates fluctuations using frequency distribution for smoothing out the 
wind power intermittency. [165] propose a combined problem formulation for active-
reactive optimal power flow in distribution networks with embedded wind generation 
and battery storage. The solution provides an optimal operation strategy which ensures 
the feasibility and enhances the profit.  

Further works investigate the storage application for a combination of two or more 
RET's to improve the system performance. Hybridization can be complementary on a 
daily or seasonal  basis, which result in more system reliability; however, proper 
technology selection and generation and storage configuration sizing are essential in the 
design of such systems [142]. To optimize the DG hybrid network expansion with energy 
storage units, [166] develop a modified Particle Swarm Optimization (PSO) algorithm to 
minimize both operation and capital cost subject to technical constraints. [167] propose 
a predictive control-based operation strategy to minimize distribution system energy 
purchasing cost by coordinating multiple power supplies from electrical energy storage, 
renewable energy resources and external grid. [168] propose a Pareto Evolutionary 
Algorithm (PEA) based multi-objective optimization model of a hybrid PV–wind–diesel 
system integrated with a battery storage system to minimize the levelized cost of energy 
and the equivalent CO2 life cycle emissions. An algorithm to optimize the day-ahead 
electrical scheduling of a large scale virtual power plant which contains small-scale 
producers and storage devices distributed over a large territory is developed by[169]. The 
algorithm takes into account the actual location of each distributed energy resource in 
the public network and their specific capability.  
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2.6 Integrated urban energy models 

Modelling the urban energy system into separate sub-systems and sub-models will 
not encompass all aspects of the system, which accordingly, the tendency towards 
developing an integrated model has been increased recently. In urban scale, due to the 
complex structure of the urban energy system and a plurality of the constituent 
elements, simulation of the system and its components entails a large number of 
different interrelated features. Therefore, for comprehensive modelling on the urban 
level, even on a small scale, a large number of aspects such as spatial, functional, 
socioeconomic and technological should be taken into account. As a result, the number 
of permutations and possible solutions will be overwhelmingly large and the probability 
of identifying an optimal combination of these variables, increasingly will reduce [36]. 
To date, the use of integral models and scenarios in evaluating the urban energy 
performance are in the initial stages of development. Recently, a number of preliminary 
energy-economy optimization models encoded with a set of structured, self-consistent 
assumptions and decision rules have emerged as a key tool for analysis of energy at the 
urban and regional levels. For investigating the interrelationships between buildings, 
transport and industry and the potential of utilizing renewable energy sources on a 
citywide basis [123] develop Energy and Environmental Prediction (EEP) model. EEP is 
an environmental auditing and decision-making tool that enables the prediction of 
energy use and carbon dioxide emissions, neighborhood quality and home hazards based 
on GIS techniques. Unified urban sub models including domestic, non-domestic, 
industry and traffic, establish yearly energy demand by these sectors [123]–[125]. 
BREHOMES is an integrated physical based urban energy model to estimate the energy 
demand and potential solar supply of the housing stock [27]. The BREDEM [106] is 
deployed as a building energy simulation model to assess the energy demand of 
buildings. The required data for running the BREDEM are acquired from the various 
sources and building categories are defined by dwelling type, age, tenure, etc. BREDEM 
performs the calculations for each building category and by multiplying the number of 
dwellings in each category and adding all categories together the entire building stock 
energy demand is estimated [27]. Solar Energy Planning (SEP) as an energy planning 
tool is a method by which the baseline energy demand of the built environment is 
calculated and the possible potential for reducing demand using the three key solar 
technologies including passive solar design, solar heating panels and photovoltaic panel 
systems are determined [27]. As part of European Union funded project, LT-Urban 
model was developed to support urban-scale building energy modelling [170]. LT-Urban 
predicts building energy consumption by interfacing a simplified building energy model 
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with image processing techniques based on the digital elevation models (DEMs) to 
improve the scale of the evaluations. By deploying techniques from image processing, an 
algorithm has been developed to derive the parameters such as built up area, facade 
orientation and angles of obstruction of the sky. Although in this model 3D spatial 
model are applied to evaluate the impacts of urban morphology on the solar energy 
generation, the level of detail and diversity of the extracted parameters for determining 
the optimal configuration of urban layout is limited [28], [171]. Based on a linear 
programming optimization model an urban energy model developed by [172] using 
energy supply data for solar photovoltaic and postal code information that simulates 
spatial and daily variations in energy demand to identify the most cost-effective 
measures for achieving specified energy reduction targets. In a collaborative European 
project, SUNtool is developed as a decision support system for designers to optimize the 
environmental sustainability of master planning proposals [29]. SUNtool is based on the 
integrated resource flow modelling of buildings of disparate uses. For considering all 
energy aspects at a neighborhood level, four sub models; radiation exchange modelling, 
reduced thermal modelling, stochastic modelling of occupant presence and urban plant 
modelling is embodied in the model [29], [173], [174]. Later, its successor CitySim was 
developed to provide more detailed simulation of resource flows at neighborhood levels. 
Its aim was supporting designers to optimize the performance of any new and existing 
urban developments based on the spatial parameters. In this model, as the spatial 
variables of the urban development were large, a micro simulation model of energy flow 
was coupled with an evolutionary algorithm to identify a subset of urban design 
variables [30]. A geographical information system energy platform (EnerGIS) has been 
developed to assess the possible integration of resources and energy requirements in 
urban areas. Its purpose was to model with sufficient detail the energy requirements of a 
given geographical area in order to allow the evaluation of advanced integrated energy 
conversion systems [26]. Numerous research studies have shown that urban energy 
demand and supply are strongly connected to the urban morphology [28], [36], [89], 
[175], [176]. In this regard [177] define the urban energy paradox as follows: on the one 
hand, the densification of cities reduces transportation and buildings consumptions and 
on the other hand, densification has a negative impacts on the urban microclimate and 
renewable energy resource potential. To support urban planners and designers faced 
with this paradox, a decision support system based on the GIS platform has been 
developed by [177] that calculates the solar radiation potential by a simplified model of 
the shadows and evaluates the energy consumption of the city blocks and allow urban 
planners to evaluate the best urban layout scenarios to reduce environmental emissions. 
Energy is essential to the delivery of services and daily activities in the urban areas [178]. 
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Integrating the socioeconomic structure of the cities with the conventional urban energy 
morphology models to evaluate the energy performance of the urban areas is a new 
challenge in the integrated urban energy modelling. SynCity has been developed as a 
platform to integrate aforementioned approaches. In this model the urban layout, 
socioeconomic indicators, daily activities, energy carriers and technologies are 
integrated. This synthetic toolkit facilitates modelling of the urban energy system across 
all issues related to the energy supply and demand in the city [31], [179]. Table  2-2 
summarizes the list of the reviewed models along with their main characteristics. 

Table  2-2 Integrated urban energy models 

Model Year Supply Demand Spatial scale 
Spatial 
analysis 

Temporal 
dimension 

Analysis method 

LT-Urban 2000 + + Neighborhood 3D Daily Optimization 
BREHOMES 2003 + + City  Daily  
SEP 2003 + + City 2D Monthly Simulation 
EEP 2007 + + City 2D Monthly Simulation 
SUNtool 2007 + + Neighborhood 3D Daily Optimization 
CitySIM 2008 + + Neighborhood 3D Daily Optimization 
SYNCity 2009 + + New City 2D Daily Optimization 
EnerGIS 2010 + + District 2D Daily Simulation 
MORPHOLOGIC 2011 + + Neighborhood 3D Monthly Optimization 

2.7 Discussions 

From this review, it is apparent that until now different types of energy models for 
simulating the energy flow in urban area have been developed and this chapter without 
going into detail provided a brief overview of these models. Urban energy models are 
considerably diverse in terms of subsystem inclusion, technology simulation, spatial and 
temporal dimensions and simulation and optimization approaches. By disaggregating 
urban energy system into the main subsystems, including supply, demand and storage, 
and examining their main distinctive features, a consistent and coherent framework was 
provided to investigate the urban energy models. In this section initially energy 
modelling applications in each subsystem is briefly discussed and in the next section the 
new trends in the urban energy modelling practice as a main contribution of this chapter 
will be discussed. The highlighted trends will be considered in the development of the 
proposed framework and corresponding modules in the subsequent chapters.  

In this research the review of the urban energy supply models as the first category of 
the urban energy models, mostly focused on the technologies that are technically and 
spatially feasible to apply at the urban scales, including PV-panels and wind turbines. 
Modelling the availability of renewable resources in urban areas, particularly solar 
radiation is dating back to the simple solar models for the evaluation of solar passive 
strategies in designing of buildings. But currently with the emergence of new tools, these 
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models are more sophisticated. Techniques such as RADIANCE have been used to 
generate daily/monthly/annual irradiation images using ray-tracing tools. By deploying 
technologies such as GIS, RS and LIDAR, urban energy models have access to the huge 
spatial and non-spatial databases in the evaluation of the availability of renewables in the 
complex urban built environment. However, supply models, particularly 3D based 
models, are still in their early stages. More recently the focus has been on the producing 
models to optimize the design of the renewable-based energy systems given the specific 
energy demand and a number of technical restrictions. Each of the examined demand 
modelling approaches has its own strengths and weaknesses. Top-down approaches are 
relatively easy to develop; as their developments are mostly based on the limited 
historical data on energy use pattern and macro-socioeconomic variables. However, 
these models are not able to provide an explicit representation of the final end-users in 
detail and provide a rough analysis of energy use in the urban area. Bottom-up 
techniques can provide a connection between end-users on an individual level with 
macro-socioeconomic indicators on the urban level. As these models are based on the 
detail on an individual level, it is possible to consider micro variables related to the 
physical and behavioral characteristics of buildings and households, along with 
macroeconomic variables in different scenarios. However, these analyses require an 
extensive database of empirical data on energy use, which the quantity of these data 
could threaten the quality and validity of these approaches. Acquisition and extraction of 
the physical and constructional data of the built environment from the digital and aerial 
images and LIDAR data have created a possibility to fulfil the large data requirements of 
bottom-up models without the need of visual inspection and long survey of the 
properties. This technique provides a quick method, without costly on-site 
measurements, but still needs more sophisticated 3D models and advanced techniques to 
extract appropriate spatial and non-spatial parameters. Researchers have investigated the 
potential of integrating EST's into the urban energy system as a supporting medium to 
maximize the capacity of the RET's. While these studies have highlighted the roles of the 
major energy storage systems being currently used, a major part of the literature 
concentrates on the integration of storage technologies into the built environment. 
Although a considerable amount of literature has examined the integration of these 
technologies into the built environment, however, the applications are mostly 
constrained to the building level and relatively little attention has been paid to the 
implementation of these technologies on higher urban scales.  

Finally, this review showed that the existing models only addresses partially the 
urban energy system modelling issues, particularly regarding the application of 
distributed RET′s. Despite the diversity of the approaches that have been highlighted by 
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this review, a number of new trends in the urban energy modelling practice are 
identified that can be considered in the development of the future urban energy models 
and is addressed in the next section. 

2.8 Contributions  

2.8.1 Paradigm shift towards distributed energy generation systems 

Distributed generation (DG) system should be recognized as the future of the urban 
energy generation system because of economic, technical and environmental benefits 
[180]. DG systems are any micro scale renewable energy generation technologies that 
provide energy at or near the demand sites and it is either connected to the distribution 
system or directly to the consumption points [181]. DG can provide many services, 
including standby generation, peak shaving, peak sharing and base-load generation 
[181]. According to [180], [182] the main strengths of the DG systems can be 
summarized as follows: 

• Decrease fossil fuel dependency  
• Optimal generation, distribution and storage management to meet 

specific needs  
• Direct involvement of customers in the demand and peak power 

reduction programs 

DG is a future framework for the urban energy system both in the building level and 
on the urban scale applications, in particular where different types of renewable 
resources are present [180]. In this context an appropriate approach for modelling the 
urban energy system have to consider the DG system as a future urban energy solution.  

2.8.2 Inclusion of the spatial implications of distributed renewable energy 
generation technologies in the urban energy modelling practice 

The close interaction between energy and space becomes obvious by looking at the 
historical development of cities, where almost 85% of the worldwide energy is consumed. 
Today, this interaction has intensified as the trend in the adoption of distributed RET's is 
growing. Unlike fossil fuels that are mostly based on the underground sources and have 
less spatial effect on the urban areas, distributed RET's have significant spatial 
implications. The urban energy transition requires implementation of a huge amount of 
these technologies in the urban areas which consequently changes the spatial structure of 
the cities. Current models only address the energy effect of renewables, however, this is 
only part of the urban energy transition and it is of equal interest to consider the spatial 
aspects of the energy transition as well. Recently, much progress has been made in the 
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urban spatial transition modelling. Spatial transition models concentrate on the 
predicting how a city evolves over time under different policies and commonly found in 
the area of land use/land cover and urban growth modelling (such as UrbanSIM [183] , 
TRANUS [184] and Metronamica [185]). Through these approaches, the urban system is 
considered as a complex system which is focused on space and time. Such models can 
provide a robust platform to incorporate urban energy models to demonstrate the spatial 
implication of the distributed renewable energy generation technologies. 

2.8.3 Development of the integrated multilayer modelling approach 

One of the major challenges in the development of urban energy models is the ability 
to simulate the interactions between different spatial scales and develop an appropriate 
model that can capture these dynamics both in macro and micro levels. As discussed, 
current urban energy models are highly constrained to one of the spatial scales, however, 
in reality, energy generation and consumption depends on the variables at different 
spatial scales. By reducing the analysis to one of the scales, the effect of variables at other 
scales will not be considered. Nowadays, for modelling at both macro and micro levels, 
reference models are available. On a macro level, top-down approaches such as 
econometric or statistical models have provided aggregate results. On a micro level, 
building energy performance simulation tools such as ESP-r, BREDEM and DOE-2 
more deal with the single building. Therefore, an integrated approach that allows 
examining the interaction of these levels is required. 

2.8.4 Applying the computational optimization algorithms to optimize the urban 
energy system or sub-systems  

As mentioned, modelling at the urban level is often complex, consisting of large 
numbers of variables such as geometry, type of use, constructional characteristics, and 
different supply and storage technologies which their interactions are often non-linear 
[36], [186]. According to [36] and [186] for each new development on the urban scale, 
even with a limited number of variables the number of feasible solutions is considerably 
large and the probability of finding the most optimal solution by conventional manual 
trial and error is significantly small. As a result, it is required to use the computational 
methods to examine all the feasible solutions to find the most optimal solution. The 
most promising candidate methods are the heuristic search techniques which adapt 
according to what they have learnt about a given system [186]. Such methods are 
efficient and can be applied to a wide variety of problems [36], [186]. Regarding the 
practical considerations to perform these computations, much progress has been 
achieved in the development of standards, protocols, and infrastructures for cloud and 
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distributed computing to face computationally intensive processes [180]. Nowadays, it is 
possible to analyze large amounts of data and handle time-consuming computational 
processes with inexpensive hardware and software [180].  

2.8.5 Application for policy development 

Urban energy models must explicitly show how the energy performance along with 
the spatial structure of the cities might be changed under different policy tools. Most of 
the models reviewed by this research considered a narrow set of policy tools such as 
predicting the effects of new RET's, examining the energy or environmental impacts of 
building renovations or introduction of a new thermal insulation standards. According 
to [15] this is limiting as a narrow perspective often fails to show comperehensively the 
effects of policies. As cities face tense integration of a huge amount of distributed RET's, 
which change their spatial structure, it becomes increasingly important to account for 
the combined energy and spatial effects of policies.  

2.9 Conclusions 

In this chapter, three main approaches that are applied to model energy flow in 
urban area have been examined. The goal was to provide an up to date comprehensive 
review of the literature on urban energy modelling practice. The evaluation has been 
done based on the energy flow direction and application focus of the models in the 
urban energy system. Accordingly, three main distinct categories of models were 
identified, including: supply, demand and storage. Each of the categories includes 
models with a variety of formulations and applications, different temporal and spatial 
scale that use different assumptions and simulation techniques and relies on different 
levels of data. A critical review of these models was provided. Finally, a number of new 
trends were identified that have to be integrated with the future urban energy models to 
help designers and planners in designing the new urban energy development proposals. 
These new trends are: 

• Paradigm shift towards distributed energy generation systems 
• Inclusion of the spatial implications of distributed generation systems in 

the urban energy modelling practice 
• Development of the integrated multilayer modelling approach 
• Applying the computational optimization algorithms to optimize the 

urban energy system or sub-systems  
• Application for policy development 
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  CHAPTER 3
Urban Energy Model Framework 

3.1 Introduction 

In this chapter, the proposed framework of this research underlying the urban energy 
modules is presented. This framework describes the operation and configuration of the 
renewable-based urban energy system, the behavior of its components and their possible 
interactions. The proposed framework has a component-based configuration which can 
easily be extended and enables the introduction of any other new component. In this 
research three components, namely demand, supply and storage are embedded in the 
framework and accordingly the corresponding modules for modelling the components 
are developed. The demand module as the first component determines the annual 
electricity usage and the usage load profile of the building connections in the urban built 
environment by considering important electricity usage explanatory variables. The 
supply module will examine the spatial and technical conditions of the parcels in the 
urban areas to install renewable energy technologies (RET′s) and then evaluates their 
energy potentials to generate an optimal configuration of these technologies with 
minimal total exploitation cost while satisfying the technical and spatial constraints and 
the total demand loads. Lastly, in the storage module, by developing a heuristic 
optimization model to analyze the deployment of energy storage technologies (EST's) on 
the urban level to balance the demand and supply profiles, an optimal energy storage 
solution will be generated. In this framework while the demand module generates annual 
electricity usage and usage load profiles of the building connections, the supply module 
calculates the generated electricity by the distributed RET′s in each parcel. Both demand 
and supply profiles of the parcels will consequently be balanced in the storage module. 

This chapter is structured as follows. After a brief introduction, Section  3.2 explains 
the proposed urban energy model framework. Next, in Section  3.3 each of the urban 
energy modules will be described in detail. The spatial data structure of the proposed 
framework will be presented in Section  3.4. Afterwards, the research design will be 
explained briefly in Section  3.5. Lastly, the conclusions will provide a summary of the 
chapter. 
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3.2 Proposed urban energy model framework 

The urban energy model definition that has been described in Section  2.2.1 is utilized 
to design the framework. As noted, this definition is directly adapted from the Jaccard 
definition of the energy system [18] and Keirstead definition of urban energy system 
[15]. The urban energy model in this research has been defined as a simplified 
representation of the renewable-based urban energy system composed of the combined 
processes of generating and storing energy to meet the specific required demand of a 
given urban area. This definition holds the major characteristics of the urban energy 
model including:  

• The proposed urban energy model framework has to include the main 
processes of the renewable-based urban energy system. The renewable-based 
urban energy system composed of different processes, including resource 
extraction, conversion, distribution; storage and consumption are combined 
in the integrated system. In the fossil fueled based energy system many of 
these processes such as resource extraction and conversion are usually 
performed outside of the urban boundaries, however, in the renewable-
based urban energy system most of these processes are occurring inside city 
boundaries that should be considered in the proposed framework. 

• The urban energy model framework should represent a balance between 
supply and demand. The balancing between supply and demand is the key 
element of any energy system that should be regarded in the design of the 
framework. According to [15] cities are commonly seen as a center of 
demand, which must be supplied from outside sources, however, with the 
current transition toward the renewable-based energy system, the energy 
demand can be fulfilled within the urban boundary. This study considers the 
energy demand model and the contribution of urban scale distributed 
renewable energy technologies for fulfilling that demand. 

• The proposed framework has to include the energy storage system. Part of 
the balancing process between supply and demand in the renewable-based 
urban energy system, particularly if a large part of the supply side is fulfilled 
by the uncontrollable RET′s, is realized by integrating the storage 
technologies into the system. Application of RET′s in the urban 
environment lead to the growth in the penetration rate of intermittent and 
random electricity generation as they entirely depend on the weather 
conditions and diurnal variations [10], [11]. Accordingly generated energy 
cannot be dispatched consistently if it is not stored. 
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• The urban energy model framework is constrained to the boundaries of the 
urban area. When considering the urban energy model, there are different 
definitions of the urban areas and the boundaries of a city. [15] presented 
various alternative definitions of the urban boundaries, including pure 
geographic, geographic-plus and pure consumption. For this research, a 
pure geographic definition is adopted which indicates that only processes 
and technologies will be considered that occur within the administrative 
boundary of the city.  

The above-mentioned characteristics specify the major features of the proposed 
urban energy model framework. In this research primarily by disaggregating the 
renewable-based urban energy system into its major components, including supply, 
demand and storage, a consistent platform is provided (Figure  3-1). This intuitive 
schema depicts the operation, configuration and components of the renewable-based 
urban energy system, the behavior of the components and their interactions. Figure  3-1 
shows the urban boundaries, components and the energy flow direction between the 
urban energy system components. In this system, local renewable energy sources are 
extracted and converted by RET′s into usable electricity, which are utilized for covering 
the residential, service, and industrial demands. The conversion technologies can be 
directly linked to the buildings or be connected to the local network. Storage facilities 
may be deployed either in the individual building or shared at the urban level to be 
charged or discharged. 

Renewable-based urban energy system

Demand 
component

Storage 
component

(EST)

Urban boundaries

Energy flow

Supply 
component

(RET)

supply

charge

discharge

 
Figure  3-1 Renewable-based urban energy system and its major components 
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Following the simplified representation of the renewable-based urban energy system 
and its major components, Figure  3-2 shows the proposed framework of this research. 
The proposed framework aims to provide coherent analysis of the energy and the spatial 
implications of the renewable-based urban energy system. Three modules for modelling 
the urban energy system components are embedded, namely supply module, demand 
module and storage module. In the demand module the annual electricity usage and the 
usage load profile of the building connections in the urban built environment will be 
determined by considering important electricity usage explanatory variables. Supply 
module will examine the spatial and technical conditions of the parcels in the urban 
areas to install distributed RET′s and then evaluates their energy potentials to generate 
an optimal configuration of these technologies with minimal total exploitation cost while 
satisfying the technical and spatial constraints and the total demand loads. Lastly, in the 
storage module, a heuristic optimization model will be developed to analyze the 
deployment of EST's on the urban level to balance the demand and supply profiles and 
generate an optimal energy storage solution. The modules will be elaborated further in 
the following sections. Figure  3-2 also shows the interaction of the urban energy modules 
with each other. In this framework the demand module generates the annual electricity 
usage of the parcels as input to the supply module and the usage load profile of the 
building connections as input to the storage module. The Supply module provides 
supply profiles for the storage module. 

Renewable-based urban energy system

Demand 
module

Supply 
module

Storage 
module

Annual electricity usage Usage load profile

Supply profile

Data flow
 

Figure  3-2 Urban energy model framework and data flow between the embedded modules 
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The proposed framework has been established based on the several major 
assumptions. Firstly, it only covers the electrical energy demands of the urban services 
including residential, service, and industrial which is fulfilled by the appropriate 
combination of RET′s allocated to the given area. Secondly, as the aim is meeting the 
whole required electricity demand of the area with allocating RET′s, the study area is not 
connected to the conventional electric grid and acts as an autonomous local network 
towards the electricity neutral area. For any given demand, the model determines the 
corresponding supply that is generated by the appropriate combination of distributed 
RET′s which are installed and operated locally. As mentioned, most of the renewable 
energy sources have intermittent and random nature, therefore the generated supply 
cannot be dispatched consistently and EST's are required to absorb the variability of the 
distributed RET′s generation and allow power to be dispatched smoothly to fulfill the 
demand. As demonstrated in Figure  3-2, the proposed framework has the component-
based configuration which can easily be extended and enables the introduction of any 
other new component. Regarding the practical considerations, the proposed framework 
is not intended to tie to a particular data set, however, for the implementation and 
application of the modules, they were set up based on the data from the city of 
Eindhoven in the Netherlands and used data particularly on energy demand in that area 
to calculate the prediction formulas. The framework is applied to evaluate the effects of 
different energy policies on the development of renewable-based energy system at the 
urban scale. 

3.3 Urban energy model framework modules 

As mentioned, in the proposed framework three components, namely demand, 
supply and storage are embedded and accordingly the corresponding modules for 
modelling the components are developed. In this section the constituent modules will be 
described briefly. The detailed descriptions of modules are presented in the relevant 
chapters. One should bear in mind that in the proposed framework, the supply and 
storage modules employ a generic method to represent technologies. This flexible 
configuration allows the modules easily be extended and enables the introduction of any 
new energy generation or storage technology (Figure  3-3 and Figure  3-4). To capture key 
trends and peaks of the energy use pattern and renewable resource availability and in 
order to obtain realistic system operation, the hourly temporal resolution is adopted, 
particularly, to take into account the variation between weekday and weekend demand 
and distributed RET′s daily and seasonal fluctuation in power generation. The three 
modules are: 



44 

 

• Demand module: Applying any sustainable measure or intervention in the 
urban energy system requires fundamental knowledge of the energy demand 
dynamics. Only when we are able to predict the users′ energy demand at any 
given time with accuracy, we can redesign the urban energy system. The 
primary objective of this module is to determine the annual electricity usage 
and the usage load profile of the building connections in the urban built 
environment. In this module firstly through a literature review, the 
important electricity usage explanatory variables of the built environment 
will be recognized. For each building, besides the building function and 
annual electricity usage, three major categories of explanatory variables, 
including physical, socioeconomic and geospatial characteristics will be 
determined. Based on the available data sources the building electricity 
usage database comprises of the electricity usage of buildings and related 
descriptive variables will be constructed. The database is categorized based 
on the two most frequently used building sectors including residential and 
nonresidential. By creating the database, multiple linear regression method 
will be applied to the constructed database to determine the predicting 
formulas to establish a relationship between the annual electricity usage as a 
dependent variable and the electricity usage explanatory variables as 
independent variables. The formulas are utilized to predict the annual 
electricity usage of the building connections. Load profiling is the last step of 
the demand module. In this step each of the building connections is 
associated with one of the EDSN load profiles based on the physical 
characteristic of the electrical connections and applied electricity tariff 
structure to generate the usage load profile of the building connections in 
hourly resolution for the entire year.  

• Supply module: The main objective of this module is examining the spatial 
and technical conditions of the parcels in the urban area to allocate 
distributed renewable energy technologies in order to generate an optimal 
configuration of these technologies that minimize the total exploitation cost 
while satisfying the technical and spatial constraints and the required 
demand toward electricity neutral areas. Over the last few decades 
identifying the potential availability of renewable resources in the urban 
areas has become a key area of interest in urban energy modelling. Each type 
of distributed renewable energy technologies has its own installation 
requirements which in urban environment, should be optimized based on 
the local conditions in order to suit the needs of the area [8]. In order to 
obtain electricity from a renewable-based energy system reliably and at the 
economical price, its design must be optimal in terms of operation and 
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technology type selection, thus, an optimization model is necessary to 
efficiently and economically utilize the available renewable resources [8]. 
Thus, a supply model is developed which integrates analyses of how RET′s 
can be installed, what spatial and energy implications they may have and 
what will be their financial outcomes. In this research the supply model only 
evaluates the allocation of PV-panels and urban scale wind turbines to the 
urban parcels, while considering the spatial specifications of the parcels, 
technical requirements of the distributed RET's and renewable resource 
availability. The RET allocation is performed based on the spatial conditions 
that exist at the locations where these technologies are installed and their 
mutual interactions. The module finally generates the optimal configuration 
of distributed RET′s that minimize the total exploitation cost while satisfying 
all constraints to realize the required electricity demand. The configuration 
of the generation technologies, which is consists of PV-panels and wind 
turbines is fully adjustable which helps urban planners and designers to 
examine the influence of different technical and spatial assumptions on the 
installation of distributed renewable energy technologies in the urban areas. 
In this module, the electricity generation of the distributed RET′s is 
represented by a generic renewable energy technology class. The overall 
renewable energy technology class features are described by rated power 
capacity, capital and O&M costs, technology lifetime and spatial and 
technical conditions for the installation in urban areas (Figure  3-3). 

+conversion()

Renewable energy technology
-rated power capacity : decimal
-efficiency : decimal
-lifetime : int
-investement cost : decimal
-maintenance cost : decimal
-spatial and technical conditions : bool

 

Figure  3-3 Generic class diagram for describing RET's in the proposed framework  

• Storage module: The main objective of this module is developing a heuristic 
optimization model to analyze the deployment of EST's on the urban level to 
balance the demand and supply profiles and generate an optimal energy 
storage solution for the study area. Decentralized application of RET's in the 
urban environment lead to growth in penetration of RES. However, most of 
the renewable resources have intermittent and random nature as they 
entirely depend on the weather conditions and seasonal or diurnal variations 
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[10], [11]. As a result generated renewable energy cannot be dispatched 
consistently and if renewable electricity is not stored, it must be utilized as 
soon as it is generated [187]. Moreover, on the demand side, the electricity 
usage also shows a highly volatile behavior. These inconsistencies both in 
generation and consumption lead to the immense load mismatch between 
demand and supply sides of the urban energy system that creates a large 
amount of surplus and shortage of electrical energy that can be mitigated to 
a certain extent by provision of backup from electrical energy storage 
systems [12]. In such a context, the storage module as a third component of 
the UEM framework is developed to investigate the feasibility of integrating 
the energy storage systems into the built environment on the urban level and 
examine their spatial, energy and economic effects. In this module the 
energy storage model is developed in which the simulated annealing 
algorithm is utilized as an optimization approach to investigate how storage 
technology will be deployed on the urban level and what spatial, energy and 
economic implications they have. Parcels interact with their neighboring 
parcels in order to maximize their benefit while taking into account the 
spatial and technical constraints. The simulated annealing optimization 
algorithm guarantees that the system will not be trapped in local maximums. 
Finally, the module generates the optimal storage solution for the study area 
and visualizes the connections between parcels and locations where storage 
systems are installed. In this module EST's are represented by the generic 
storage technology class. The overall storage technology class features are 
described by energy/power capacity, depth of discharge, capital and O&M 
costs technology lifetime and spatial and technical conditions for the 
installation in urban areas (Figure  3-4). 

+charge()
+discharge()

Storage technology
-energy capacity : decimal
-power capacity : decimal
-depth of discharge  : decimal
-lifetime : int
-investement cost : decimal
-maintenance cost
-spatial and technical conditions : bool

 
Figure  3-4 Generic class diagram for describing storage technologies in the proposed framework  
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3.4 Urban energy model framework spatial data structure 

In this research parcel-based data structure is adopted for the spatial analysis and 
representation of the urban environment. In general, there are two main approaches for 
the representation of the environment and modelling the spatial data [183]: cell-based 
structure (raster data) and parcel-based structure (vector data) (Figure  3-5).  

*A district in the north of the Eindhoven municipality in the Netherlands 

Figure  3-5 Cell-based data structure (left) and parcel-based data structure (right) to represent the 
urban environment 

In the cell-based structure, spatial data are expressed as an array of pixels (or cells) 
and spatial position of cells is implicit in the ordering of the pixels [188], [189]. Parcel-
based structure is positional data in the form of coordinates of the ends of line segments 
and points that compose lines and polygons [190], [191]. Cell-based data structure have 
been deployed in various spatial models, however several limitations drive the adoption 

of the parcel-based data model [183]. Superimposing an entirely regular shape on a 
polygonal layer of parcels that are largely different in size and geometry can lead to the 
splitting of the parcels. This will generate an inaccurate representation of the real spatial 
environment. Nevertheless the cell-based applications are computationally efficient due 
to the adaptation of the raster processing approach in analyses [183]. Parcels contrary to 
cells that are homogenous in size and geometry, have different and rather complex 
geometries that in spatial analysis have to be taken into account. This spatial data model 
reduces the urban environment to the parcel features that are represented by points and 
polygons. A parcel is a basic cadastral unit, a piece of land that is defined for ownership 
or land use purposes which can be owned, sold, and developed and can come in different 
size and geometry [192]. In this research, each parcel has a unique location and 
identifier. Parcels can have residential, service, industrial, transportation and green 
functions. The households and buildings that are located on the parcel are linked to it. 
These data relationships are shown in Figure  3-6. Parcels have geometric centers 
(centroids) which are used for all distance analysis. Parcel characteristics (non-
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geographical information associated with parcels) are recorded in the centroids. For each 
module, depending on the type of technology that is implemented in the module, 
respective spatial data layers that are required for the spatial analysis of the technology 
will be added to the parcel characteristics (see Sections  5.3 and  6.5 for full list of parcel 
characteristics in both supply and storage modules). Spatial features such as wind speed 
and solar radiation that vary continuously over the spatial environment are recorded 
discretely in parcels. Parcel states can represent any spatially distributed feature and can 
be adjusted by the model user. Figure  3-5 shows the cell-based data structure and parcel-
based data structure for the district in the Eindhoven municipality. 

Parcel

Building

Household

1
0..*

1
0..*

 
Figure  3-6 Data relationship between parcel with building and household 

3.5 Research design 

The research design is presented here. Three urban energy modules will be designed 
and implemented to answer the research questions. In the three succeeding chapters 
( CHAPTER 4,  CHAPTER 5 and  CHAPTER 6 ) the design process and implementation 
of the modules will be described in detail. In chapters 5 and 6 each chapter begins with 
the explanation of the design process of the module followed by the implementation and 
application of the module and concludes with a scenario analysis. In order to investigate 
the performance of the modules, the outcomes of a sensitivity analysis are presented 
in  CHAPTER 7. This provides an indication of the effects of changing different input 
parameters on the module's behavior. In realistic scenarios the effects of energy policies, 
including the introduction of the up-front energy subsidy and electricity pricing policy 
on the outputs of the urban energy modules have been explored in  CHAPTER 8. 
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Finally,  CHAPTER 9 brings the thesis to a conclusion by providing possible future 
research directions based on the results of this research. 

3.6 Conclusion  

This chapter has introduced the proposed framework of this research underlying the 
urban energy modules. This framework describes the operation, configuration and 
components of the renewable-based urban energy system, the behavior of the 
components and the possible interactions between them. The proposed framework has 
adopted the component-based configuration which can easily be extended and enables 
the introduction of any other new component. Three renewable-based urban energy 
system components, namely demand, supply and storage were embedded in the 
framework and accordingly the corresponding modules for modelling the components 
were developed. Subsequently a brief introduction to the modules was presented. In this 
framework the demand module generates annual electricity usage and usage load 
profiles for the building connections, the supply module generates the supply profiles of 
the parcels. Finally, in the storage module the energy storage technologies are integrated 
with the urban energy model to balance the demand and supply profiles and generate an 
optimal storage solution. 
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   CHAPTER 4
Demand Module  

4.1 Introduction 

Applying any sustainable measure or intervention in the urban energy system 
requires fundamental knowledge of the energy demand dynamics. Only when we are 
able to predict the users′ energy demand at any given time with accuracy, we can 
redesign the urban energy system. Accordingly, this chapter presents the design process 
of the demand module as the first component of the proposed urban energy model 
framework (presented in the Section  3.2). The primary objective of this module is to 
determine the annual electricity usage and the usage load profile of the building 
(electrical) connections in the urban built environment. In this module firstly through a 
literature review, the important electricity usage explanatory variables of the built 
environment will be recognized. For each building, besides the building function and 
annual electricity usage, three major categories of explanatory variables, including 
physical, socioeconomic and geospatial characteristics will be determined. Based on the 
identified variables and available data sources the building electricity usage database will 
be constructed. The database is categorized based on the two most frequently used 
building sectors including residential and nonresidential (NR). Multiple linear 
regression (MLR) method is applied to the constructed database to estimate the 
predicting model parameters establishing a relationship between the annual electricity 
usage as a dependent variable and the physical, socioeconomic and geospatial variables 
as independent variables. The models are utilized to predict the annual electricity usage 
of the building connections. Load profiling is the last step of the demand module. In this 
step each of the building connections is associated with one of the EDSN load profiles 
based on the physical characteristic of the electrical connections and applied electricity 
tariff structure to generate the usage load profile of the building connections in hourly 
resolution for the entire year. This chapter is structured as follows; after a brief 
introduction in Section  4.1, Section  4.2 will briefly describe the demand module 
methodology. Module setup, including identifying the electricity usage explanatory 
variables, constructing the building electricity usage database and pre-processing the 
data is presented in Section  4.3. Section  4.4 explains the MLR analysis and the 
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construction of the electricity predicting formulas. Load profiling will be described in 
Section  4.5 and lastly, Section  4.6 summarizes the chapter. 

4.2 Demand module methodology 

As mentioned, the primary objective of the demand module is to determine the 
annual electricity usage and the usage load profile of the building connections by 
considering the important electricity usage explanatory variables. Accordingly a 
methodology composed of several specific steps is designed and implemented to fulfill 
this goal. Figure  4-1 illustrates the steps of the demand module methodology.  

4.3.3 Constructing the building 
electricity usage database

4.3.2 Identifying the electricity usage 
explanatory variables

4.3.4 Data preparation and outlier 
detection

4.4 Multiple linear regression analysis

 4.5.1 Load profiling influential factors 

4.5.3 Constructing the usage load profile of 
the building connections in the study area 

4.3 Module setup

4.5.2 EDSN electricity load profiles

4.5 Building connections load profiling

4.4.1 Residential sector

4.4.2 Nonresidential sector

 
Figure  4-1 Methodology for determining the annual electricity usage and the usage load profile of the 

building connections in the urban built environment 

In this module firstly through a literature review, the important electricity usage 
explanatory variables will be identified. For each building, besides the building function 
and annual electricity usage, three major categories of explanatory variables, including 
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physical, socioeconomic and geospatial characteristics will be determined ( 4.3.2). Based 
on the identified variables and available data sources the building electricity usage 
database comprises of the electricity usage of buildings and related descriptive variables 
will be constructed ( 4.3.3). The created database is categorized based on the two most 
frequently used building sectors including residential and NR (service and industry). 
Subsequently the preprocessing step involving identifying the missing data and outlier 
detection will be performed to prepare data for the statistical analysis ( 4.3.4). Multiple 
linear regression (MLR) method is applied to the created database using Ordinary Least 
Square (OLS) technique to estimate the parameters of the models that establish a 
relationship between the annual electricity usage as a dependent variable and the 
electricity usage explanatory variables as independent variables ( 4.4). The models are 
utilized to predict the annual electricity usage of the building connections. The last step 
of the methodology is building connections load profiling ( 4.5). In this step each of the 
building connections is associated with one of the EDSN load profiles based on the 
physical characteristic of the electrical connection and applied electricity tariff structure 
to generate the usage load profile of the building connection in hourly resolution for the 
entire year. EDSN load profiles are the ten distinct load profiles for the built 
environment which are categorized based on the electrical connection capacity and tariff 
structure. In this module the statistical analysis is carried out by (IBM SPSS® Statistics, 
Version 22) as a commercially available statistical software package. GIS operations are 
carried out with the spatial analysis tools, FME® Version 2014-build 14235, QGIS version 
2.0.1 and ArcGIS version 10.3. FME is utilized for data transformation and translation 
and QGIS and ArcGIS is applied to store, retrieve, manage, display and analyze 
geographical and spatial data. 

4.3 Module setup  

4.3.1 Demand modelling techniques 

As noted in the Section  2.4, energy demand models seek to determine the energy 
requirement of the built environment as a function of the input parameters in order to 
determine the energy supply requirements of a specific area. Modelling energy demand 
of the built environment is significantly complex, as both the energy types and building 
types vary greatly and it is influenced by numerous factors such as physical, 
constructional and behavioral characteristics [36]. Due to the complexity of the problem, 
often a precise prediction of energy demand is not feasible [101]. In recent years, a large 
number of demand prediction models has been proposed and applied to a broad range 
of problems [101] (See Section  2.4 for more detail on the energy demand modelling 
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techniques in the built environment). These models vary considerably in terms of input 
requirement, disaggregation levels, the socio-technical assumptions and the type of 
results and scenarios that they can evaluate [33]. In this research a statistical/regression 
bottom-up model is employed which is particularly useful when a large data exists and as 
it is based on real data, this gives a good understanding of the energy usage behavior 
[193]. The energy form considered in this chapter is electricity and the target building 
sectors are residential and NR. As mentioned in the Section  2.4.3, the energy assessment 
of the built environment can be performed more efficiently and effectively by spatial 
tools such as GIS and RS. Therefore, in this research the GIS and RS are utilized to 
facilitate the acquisition and extraction of the building physical and geospatial 
characteristics such as form, area, density and urbanization degree (see Section  4.3.4 for 
the full list of physical and geospatial characteristics). LIDAR technology is also utilized 
to generate the 3D model of the analyzed area and extraction of features such as height, 
solar intensity and roof type. 

4.3.2 Electricity usage explanatory variables 

Building electricity behavior is influenced by a variety of factors, such as physical 
properties, behavior of occupants and the surrounding environment. Due to the 
complex interrelation of these factors often a precise prediction of demand is not feasible 
[101]. Building type and the activities performed in the building are the main factors that 
influence electricity usage. The most widely used building sectors are residential and NR 
(service and industrial) buildings which vary from small rooms to large estates [101]. 
Based on this fact that the building type has a significant effect on the building electricity 
usage, in this section the determination of the electricity usage explanatory variables for 
each sector will be carried out separately. In the following subsections, through the 
literature the important explanatory variables are identified and then are utilized to 
create the building electricity usage database.  

4.3.2.1 Residential sector 

Residential electricity demand modelling is a heavily studied subject [3] for which 
there is a large body of resarch (for more detail refer to the Section  2.4). Literature has 
identified important explanatory variables that has been used to model the residential 
electricity demand [3], [193]–[199]. Based on the studies reviewed, Table  4-1 shows a list 
of explanatory variables which have been used in the electricity demand modelling of 
residential buildings ranked based on the number of citations in the reviewed literature. 
Additionally, Table  4-1 also shows that type of building, income, number of occupants, 
floor area, building age and location are some of the most used variables for modelling 
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the residential electricity demand. Using a questionnaire survey, supported by annual 
gas and electricity meter data and floor-are estimates, [200] suggest that the floor area of 
dwellings, total occupancy and homeowner age are the major indicators of the 
differences in residential electricity demand. According to [201], type of dwelling, 
location, size, household appliances and attributes of the occupants, including number 
of occupants and age have differing but significant impacts on the electricity demand. 
Also a strong correlation was found between average annual electricity demand and floor 
area [201]. It should be noted that the higher frequency of indicators is not necessarily 
related to their performance, but may have other reasons such as data availability, the 
ease with which data can be collected and analytical approach of the study. For example, 
data related to the building type or age can be extracted from national census with 
relative ease. Other variables such as floor area may be overlooked due to the difficulty 
with which this information is gathered [193], [199].  

Table  4-1 List of variables which have been used to model the residential electricity demand  

Variable Number of Citations 
Type of building 11 
Income 10 
Number of occupants 10 
Floor area 10 
Home owner age  9 
Building age 9 
Weather (temperature) 9 
Appliance holdings 9 
Heating type 8 
Location 8 
Household composition 8 
Appliance rating 8 
Time use 7 
Heating type 6 
No. of rooms 4 
Employment status 4 
Insulation variable 4 
Tenure type 3 
Degree days 3 
Dwelling value 3 
Electricity price 2 
Social group 2 
No. of bedrooms 2 
Educational level 2 
Period of residency 1 

In agreement with the Table  4-1, [202] and [203] showed that residential electricity 
demand is strongly influenced by the income and floor area, whereas the age of family 
members and the level of education have limited impact. [201] showed that residential 
electricity demand is correlated with the location of individual dwellings. Applying the 
linear regression model on the Irish National Survey of Housing Quality revealed that 
dwelling features include location and value and household features such as income, 



56 

 

period of residency, social status and tenure type have significant correlations with the 
residential electricity demand [204]. 

4.3.2.2 Nonresidential sector 

NR sector, including service and industrial buildings consume a significant portion 
of the total urban electricity demand, however, compared with the residential sector very 
few studies have been conducted to investigate their electricity consumption behavior. It 
is primarily for this reason that the residential sector broadly is considered as the 
dominant consumer of the electricity within the building stock. Secondly the large-scale 
assessment of the NR sector is often infeasible or difficult due to the extreme diversity of 
use, activities, and ownership structures within this sector. Hence, comprehensive 
information and detailed data about electricity modelling in this sector is considerably 
limited [205], [206]. A recent study of European countries found the lack of available 
data, format inconsistencies of available data and the overall difficulty in collecting 
necessary data for NR sector [206]. Efforts have been made on tackling the complex task 
of characterizing energy consumption in the NR building stock. In the UK the attempts 
began in the 1990s to develop a national NR building stock database to understand 
energy use. This dataset, provides building floor space, age and activity information that 
supplemented by street surveys [207], [208]. By breaking down the NR sector into the 
588 premises [209], [210] reported energy-use patterns for different types of NR 
buildings. [211] used the non-domestic building stock (NDBS) dataset to estimate the 
carbon emissions from the main building types whereas [212], [213] applied NDBS 
dataset to develop a technique for dealing with the heterogeneity of the nondomestic 
stock combined with the floor space model for each primary property type to predict 
total electricity consumption. [123] quantified the energy use of NR buildings by 
assigning published energy benchmark values to relevant property types. [22] developed 
a district clustering approach based on representative building types for energy use in 
the commercial sector implemented for the Osaka City. [206] elaborated the approach 
and applied to determine the potential energy conservation in the Hellenic 
nonresidential building stock. [214] developed energy simulation models with 
EnergyPlus for two office buildings in a R&D center in Shanghai, China to evaluate the 
energy cost savings of green building design options compared with the baseline 
building. [205] presented a Bayesian approach for developing city-scale energy models of 
the built environment and demonstrate its application to NR buildings in Greater 
London. [215] develop a multiple regression model to predict the annual energy 
consumption in the Spanish banking sector and determine how efficient a bank branch 
is in terms of energy consumption, depending on its construction characteristics, 
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climatic area and energy performance. Most of the investigations to analyze the 
electricity demand of the industrial buildings that have been carried out since the middle 
of the seventies are at the aggregate level without activity/industry details. However, 
recently [216]–[218] have analyzed industrial companies electricity demand by micro 
cross-section data and repeated cross-section data to investigate how the characteristics 
of the industrial companies such as size and area, type and electricity intensity influence 
the electricity demand. An econometric analysis of electricity demand based on the panel 
data of 2949 Danish industrial companies with observations on company level over a 13 
year period has been presented in [218]. Attention has been devoted to the variation in 
demand, according to the characteristics of the individual industrial companies such as 
size, type of industrial sub-sector and electricity intensity in production. 

4.3.3 Building electricity usage database 

As noted in Section  2.4.2, since the bottom-up statistical models work on a micro-
level, for examining the annual electricity usage on building level, they need extensive 
databases of historical data to support the description of each end-user. In the demand 
module the basic step to perform the annual electricity usage analysis is creating the 
building electricity usage database by incorporating different data sources. To achieve 
this goal different sources have been investigated and different organizations have been 
asked for the required data for analysis. In this research two main types of data, 
including energy and spatial data are required and for this purpose numerous sources 
are explored. The first and most important source of energy data was Endinet groep BV. 
Endinet as a local distribution system operator (DSO) operates the electricity grid in the 
municipality of Eindhoven. The electricity billing data of the Eindhoven region are 
retrieved as it was registered in the Endinet SAP1 system. This resulted in the list of 
111410 electricity connections in the city of Eindhoven. For each connection in addition 
of the electricity usage, the building address (including street, house number, house 
letter and six digit postal-code), ground area, WOZ2 value and physical capacity of the 
connection (amperage/electrical phase type) are specified. The WOZ-value is a valuation 
of the property. The value is estimated every year by the municipality by sending a 
statement to the owner(s). For the demand module WOZ value is used as an indication 
of the property value. The annual electricity usage of the building connections is 
determined by the average consumption of the building over the period between 2005 
and 2009. The electricity data of the connections were available in the time intervals that 
were not necessarily entire years; therefore a preprocessing analysis to determine the 
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annual electricity usage per connection is performed. The second important data source 
of this research is BAG3 dataset. The BAG dataset is the main source of the spatial data 
in this research (A visual representation of the web-based viewer of the BAG dataset is 
presented in Figure  4-2). A number of main building characteristics, including building 
footprint, location coordination, function, roof and parcel area, building age, building 
type and roof type are acquired from this dataset. Row, apartment and detached 
buildings are the main identified building types in this dataset.  

Figure  4-2 Visual representations of the BAG dataset containing the building footprints and 
characteristics 

Energy (Endinet) and spatial (BAG) datasets are linked based on the postal code and 
building number. A combination of six digit postal code and building number creates a 
unique indicator for each building which is utilized to connect energy and spatial data 
sets. Through the joining of datasets, the building energy characteristics are associated 
with the building spatial characteristics. Connecting the datasets results in the final list of 
database records, comprising 110232 connections (1178 records are disregarded as they 
are not referenced in the BAG dataset). As expected, a majority of the connections is 
residential buildings with 89.12 % (98237) of the total records. 9.45 % (10414) and 1.43 
% (1581) of the records are service and industrial buildings respectively.  

As noted above, in this research for determining the annual electricity usage of 
building connections, the geospatial characteristics are also applied. These characteristics 
cannot be obtained directly from data sets and have to be calculated. They include:  

• Building height: It is estimated by overlaying the detailed height data of the
area (also called AHN24) on the 2D footprints of the buildings.

• Urban density: It is estimated as the total number of buildings in the
proximity of each building.

3
 Basisregistraties Adressen en Gebouwen 

4 The AHN2 was collected and became available by the Dutch Water Boards and Rijkswaterstaa as a part of the Ministry of 
Infrastructure and the Environment (http://www.ahn.nl/).
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• Urbanization degree: It is introduced to account for different levels of 
urbanization. For each building it is estimated as the proportion of the 
urban/non-urban areas in its proximity.  

• Solar light intensity: The total amount of solar radiation on a specific 
location has been estimated for the whole year using ArcGIS software. This 
software estimates the solar insolation based on a hemispherical view shed 
algorithm developed by [219] and improved by [220]. The total radiation for 
a given location, called global radiation, is composed of direct and diffuse 
radiations from all sky directions, neglecting the effect of reflecting radiation 
from surrounding surfaces. 

The detailed process of calculating these variables is described in  APPENDIX C. 
Table  4-2 shows the list of the data types of the building electricity usage database. 

Table  4-2 Data types of the building electricity usage database  

Data types Source of data Data types Source of data 
Municipality Endinet and BAG VBO id BAG 
Address id Endinet and BAG Building id BAG 
Installation number Endinet Status BAG 
Measuring point Endinet Parcel area BAG 
Street Endinet and BAG Ground area Endinet and BAG 
Postal code  Endinet and BAG Building type code Endinet  
Building number Endinet and BAG Building type Endinet and BAG 
House letter Endinet and BAG WOZ metering/ House number Endinet 
Start date Endinet WOZ value / House number Endinet 
End date Endinet Roof area BAG 
Bill type Endinet Roof type BAG 
Tariff structure Endinet Built year BAG 
Connection capacity Endinet Function  BAG  
Connection amperage Endinet Building status BAG  
Capacity*Amperage Endinet Solar light intensity AHN2  
Connection status Endinet Height AHN2  
Bill code Endinet Urbanization degree BAG 
Electricity consumption Endinet Density BAG 

4.3.4 Data preprocessing and outlier detection  

Through a review of electricity usage explanatory variables in the residential and NR 
sectors ( 4.3.2.1 and  4.3.2.2) and based on the created database ( 4.3.3), for each building 
connection besides the annual electricity usage, three major categories of explanatory 
variables are identified as follows: 

• Physical characteristics (building age and area, roof area, parcel area, the 
physical capacity of the electrical connection, building type and roof type) 

• Geospatial characteristics (urbanization degree, building height, solar 
intensity and building density) 

• Socioeconomic characteristics (WOZ value) 
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Table  4-3 illustrates the list of the electricity usage explanatory variables which is 
employed in this research to analyze the annual electricity usage of buildings in both 
residential and NR sectors. In the next step through the statistical analysis their 
importance will be examined. It is observed that a number of variables in the constructed 
building electricity usage database such as WOZ value (12.45%), electricity connection 
type (~0.00%), building type (1.6%), roof type (9.57%), parcel area (~0.00%), height 
(4.5%) and solar radiation (3.49%) have missing values. However, as the number of 
missing values compared to the valid values is not significant, therefore these values are 
treated as missing data in the subsequent statistical analysis and are replaced by 999 in 
the case of continuous variables and by NA for the categorical variables. Details of the 
missing data are shown in Table  4-3 for each sector separately.  

Table  4-3 List of the applied electricity usage explanatory variables and number of valid and missing 
values for each variable in each sector 

Categories Variables Explanations Sources  Res.1 NR2 N. of Valid N. of Missing 

 RAElecD Annual electricity usage Endinet × × 
Res: 98237 
Ser3: 10414 
Ind4: 1581 

Res: 0 
Ser: 0 
Ind: 0 

Socio. WozV Valuation of the property Endinet ×  
Res: 90362 
Ser: 6264 

Res: 7875 
Ser: 4150 

Physical 

Connection 
Electricity connection 
type Endinet × × 

Res: 98222 
Ser: 10388 
Ind: 1573 

Res:15 
Ser: 26 
Ind:8 

BType Building type BAG × × 
Res: 96467 
Ser: 10414 
Ind:1581 

Res: 1770 
Ser:0 
Ind:0 

ConstY Construction year BAG  × × 
Res: 98237 
Ser: 10414 
Ind: 1581 

Res:0 
Ser: 0 
Ind: 0 

GArea Ground area  BAG × × 
Res: 98237 
Ser: 10414 
Ind: 1581 

Res: 0 
Ser: 0 
Ind: 0 

RType Roof type BAG × × 
Res: 89644 
Ser: 8720 
Ind: 1317 

Res: 8593 
Ser: 1694 
Ind: 264 

PAREA  Parcel area BAG × × 
Res: 98166 
Ser: 10414 
Ind: 1581 

Res: 71 
Ser: 0 
Ind: 0 

RAREA Roof area BAG × × 
Res: 98237 
Ser: 10414 
Ind: 1581 

Res: 0 
Ser: 0 
Ind: 0 

Geospatial 

UrDEG Urbanization degree BAG  × × 
Res: 98237 
Ser: 10414 
Ind: 1581 

Res:0 
Ser: 0 
Ind: 0 

Height Height AHN2  × × 
Res: 94017 
Ser:9744 
Ind:1507 

Res:4220 
Ser:670 
Ind:74 

SOLRAD Solar light intensity AHN2  × × 
Res: 95209 
Ser:9695 
Ind:1482 

Res:3028 
Ser:719 
Ind:99 

DENSITY Building density BAG  × × 
Res: 98237 
Ser:10414 
Ind:1581 

Res:0 
Ser:0 
Ind:0 

1Resedentail sector,  2Nonresedentail sector,  3Servic, 4Industry 
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After specifying the missing data, the next step of the data preprocessing is outlier 
detection and removal of the outliers. The outliers are atypical, infrequent observations 
that appear to be inconsistent with the majority of the observations in a database [221]. 
In the building electricity usage database, it is important to identify the outliers and 
adjust them based on the available rules. An outlier identification approach base on the 
outlier labeling rule is applied to detect outliers in the database. The boxplot outlier 
labeling rule was introduced by [222] and later has been developed further by [223] and 
[224]. It determines observations as outliers if they appear outside the following 
boundaries which will be determined by following equations: 

𝒖𝒖𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑_𝒃𝒃𝒓𝒓𝒖𝒖𝑴𝑴𝒅𝒅𝒑𝒑𝒑𝒑𝒅𝒅 =  𝒒𝒒𝟑𝟑 + �𝒈𝒈 × (𝒒𝒒𝟑𝟑 − 𝒒𝒒𝟏𝟏)� Equation  4-1 
𝑳𝑳𝒓𝒓𝒘𝒘𝒑𝒑𝒑𝒑_𝒃𝒃𝒓𝒓𝒖𝒖𝑴𝑴𝒅𝒅𝒑𝒑𝒑𝒑𝒅𝒅 =  𝒒𝒒𝟏𝟏 − �𝒈𝒈 × (𝒒𝒒𝟑𝟑 − 𝒒𝒒𝟏𝟏)� Equation  4-2 

Where 𝒒𝒒𝟏𝟏 and 𝒒𝒒𝟑𝟑 are the variable lower and upper quartiles respectively. The common 
choices for 𝒈𝒈 is 1.5 or 2.2 depend on the distribution of data and research context. The 
outlier detection survey has been performed on the building electricity usage database 
and the results are presented in Table  4-4. As shown, although most of the continuous 
variables in the database have outliers, however, compared to the total number of 
records is not significant and for the succeeding analysis they are excluded. As 
demonstrated, except the solar light intensity all other continuous variables have upper 
boundary outliers.  

Table  4-4 Results of the performing outliers detection on the building electricity usage database 

Variables Mean Lower boundaries Upper boundaries Number of modified cases 

Area 
Res1: 139.6658 
Ser2: 349.7361 
Ind3: 942.5648 

 
Res: 248.8 
Ser: 358 
Ind: 2314.4 

Res: 3047 (3.1 %)  
Ser: 1345 (12.91 %)  
Ind: 155 (9.8 %)  

Roof area 
Res: 325.9423 
Ser: 2402.6524 
Ind: 1399.1065 

 
Res: 422.884 
Ser: 5545.222 
Ind: 4807.242 

Res: 15323 (15.6 %) 
Ser: 850 (8.16 %) 
Ind: 71 (4.49 %) 

Parcel area 
Res: 6749.2425 
Ser: 3754.5836 
Ind: 5650.4132 

 
Res: 10845.2 
Ser: 8886.8 
Ind: 13564 

Res: 3991 (4.6 %) 
Ser: 753 (7.23 %) 
Ind: 93 (5.88 %) 

RAElecD 
Res: 4488.38 
Ser: 24044.32 
Ind: 52463.53 

 
Res: 9454.4 
Ser: 27745.2 
Ind: 68565.2 

Res: 2542 (2.59 %) 
Ser: 1432 (13.75 %) 
Ind: 189 (11.95 %) 

WozV 
Res: 371605.85 
Ser: 980323.91  

Res: 808400 
Ser: 1059300 

Res: 4775 (4.86 %) 
Ser: 695 (6.67 %) 

Height Ind: 51.8623  Ind: 12.76 Ind: 18 (5 %) 

Solar Radiation Res: 330913.06 
Ind: 348409.26 

Res: 78762.2 
Ind: 228533.2 

 Res: 1398 (6.3 %) 
Ind: 117 (13.9 %)  

Urbanization degree Ser: 5633302.86  Ser: 12882562.4 Ser: 41 (0.7 %) 

Density Res: 192.74 
Ser: 193.71 

 Res: 503.6 
Ser: 527.2 

Res: 1425 (1.45 %) 
Ser: 204 (1.95 %) 

1Resedentail sector 
2Servic 
3Industry 

Figure  4-3 shows the area and annual electricity usage histograms after the removal 
of the outliers in the residential sector. 
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Figure  4-3 Area (left) and annual electricity usage (right) histograms after the removal of the outliers 
in the residential sector 

Several variables in the constructed database are categorical variables. For applying these 
variables in the subsequent analysis, they have to be transformed to the dummy 
variables. A dummy variable is a qualitative variable that can only get 0 or 1 and is used 
in the regression analysis instead of the categorical variable. While the dummy variable 
levels of the building types are row and apartments (detached house is considered as a 
base value), the levels of the construction year are stepwise increase of the oldest level up 
to the most recent level (Over 1992 is considered as a base value). Building electrical 
connection is categorized into three levels based on the connection amperage and phase 
types (Over 3×100 Amp connection type is considered as a base value). Building roof 
types are also categorized into the flat and pitched roofs that only flat type is applied as a 
dummy variable. Table  4-5 shows the categorical variables and corresponding assigned 
dummy variables.  

Table  4-6 summarizes the final list of the explanatory variables as it is used for the 
succeeding statistical analysis, their modalities and descriptive indicators. As mentioned, 
the database is categorized based on the main building sectors comprising residential 
and NR (service and industrial). 

Table  4-5 Categorical variables in the building electricity usage database and assigned dummy 
variables 

Variables Descriptions Base values Dummy variables Explanations 

BType Building type Detached house row Row buildings  
Apartment   Apartments 

Connection Connection type Over 3×100 Amp 
connection_ I 1×25 Amp and 1×35 Amp 
connection_ II 1×35 Amp 
connection_ III 3×25 Amp 

ConstYr Construction year Over 1992  

constYr_I To 1945 
constYr_II 1946-1964 
constYr_III 1965-1974 
constYr_IV 1975-1991 

RType Roof type Pitched roof flat Buildings with flat roofs 
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Table  4-6 Descriptive statistics of the electricity usage explanatory variables   

Category 
Variable 
name 

Unit Modalities (code) or range Mean Std. Dev. 

 RAElecD KWh 
Res: 100- 9454 
Ser:12-27735 
Ind: 13-67899 

Res: 3072.95 
Ser: 4460.91 
Ind: 10328.5 

Res:1753.15 
Ser: 5607.90 
Ind: 13918.88 

Socio. WozV € 
Res: 65000-808000 
Ser:73000-1056000 

Res: 302547 
Ser: 332070 

Res: 134464.6 
Ser: 209047.4 

Physical 

Connection  

Res: 1×25 Amp (1) [75.7%];3×25 Amp (2) [22.8%]; 
3×35 Amp (3) [1.1%]; Over 3×100 Amp (4) [0.3%] 
Ser: 1×25 Amp (1) [49%];3×25 Amp (2) [31.1%]; 3×35 
Amp (3) [14.4%]; Over 3×100 Amp (4) [5.5%] 
Ind: 1×25 Amp (1) [23.1%];3×25 Amp (2) [35.9%]; 
3×35 Amp (3) [29.1%]; Over 3×100 Amp (4) [12%] 

  

BType  

Res: Apartment (1) [29%]; Row (3) [65.8 %]; Detached 
(4) [5.2%] 
Ser: Apartment (1) [92.2%]; Row (3) [3.7 %]; Detached 
(4) [4.1%] 

  

ConstY  

Res: to 1945 [16.9%]; 1946-1964 [24%]; 1965-1974 
[18.3%]; 1975-1991 [21%]; over 1992 [19.8%] 
Ser: to 1945 [18.7%]; 1946-1964 [17.7%]; 1965-1974 
[13.8%]; 1975-1991 [22.4%]; over 1992 [27.4%] 
Ind: to 1945 [9.5%]; 1946-1964 [13.4%]; 1965-1974 
[12.9%]; 1975-1991 [23.8%]; over 1992 [40.4%] 

  

GArea m2 
Res: 10-249 
Sir: 11- 358 
Ind:15- 2293 

Res: 117.07 
Ser: 105.99 
Ind: 420.70 

Res: 38.32 
Ser: 62.70 
Ind: 457.14 

RType  
Res: Flat (1) [18.4%]; Pitched (2) [81.6%] 
Sir: Flat (1) [6.2%]; Pitched (2) [93.8 %] 
Ind: Flat (1) [38%]; Pitched (2) [62%] 

  

PAREA m2 
Res: 11-10794 
Sir: 5- 8875.00 
Ind:23-  12311.00 

Res: 1950.63 
Ser: 1903.24 
Ind: 2698.51 

Res: 2477.10 
Ser: 2134.67 
Ind: 2971.89 

RAREA m2 
Res: 10- 423.26 
Sir: 12.04-5459.46 
Ind:7.35- 4644.43 

Res: 90.21 
Ser: 1142.66 
Ind: 1035.27 

Res: 65.98 
Ser: 1291.17 
Ind: 1071.2 

Geospatial 

UrDEG  
Res: 3192787-17152876 
Ser:3191325-12781883 
Ind: 3274455-16884071 

Res: 7555977 
Ser: 5600457 
Ind: 7568679 

Res: 2575696 
Ser: 2038455 
Ind: 2871998 

Height m 
Res: 2.30-18.50 
Ser: 2.2-52.4 
Ind: 2.40-13.40 

Res: 5.8940 
Ser: 4.5400 
Ind: 5.308 

Res: 2.06866 
Ser: 3.40607 
Ind: 1.8247 

SOLRAD  
Res: 78773-458388 
Ser: 145-457002 
Ind: 229080-457799 

Res: 335346 
Ser: 288700 
Ind: 365807 

Res: 78260.05 
Ser: 105342.2 
Ind: 40423.32 

DENSITY  
Res: 1-503 
Sir: 2-527 
Ind: 4-523 

Res: 186.77 
Ser: 193.37 
Ind: 194.74 

Res: 90.33 
Ser: 94.39 
Ind: 101.13 

1Resedentail  
2Servic 
3Industry  

4.4 Multiple linear regression analysis 

Multiple linear regression (MLR) method is applied to the building electricity usage 
database to develop the model that establishes a relationship between the annual 
electricity usage as a dependent variable and the electricity usage explanatory variables as 
independent variables to predict the annual electricity usage of building connections in 
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the urban environment. Traditionally, regression analysis has been the most popular 
modelling technique in predicting electricity usage in the built environment [225]–[229]. 
Regression analysis is especially valuable when a large database exists as they are based 
on the real data and provides a good understanding of the electricity usage behaviors 
[193]. The main reasons to the popularity of the regression models may be explained by 
the interpretability of model parameters and results, however, the major limitation of 
these techniques is that one can only ascertain relationship but cannot be sure about 
underlying causal mechanism [229]. It also can be costly and inconvenient to implement 
and may suffer from multicollinearity (hereafter referred to as collinearity) between 
independent variables [193]. MLR seeks to establish a relationship between a dependent 
variable and two or more independent variables or predictors that may be written as 
[229], [230]: 

𝒅𝒅 =  𝛃𝛃𝟎𝟎 + 𝛃𝛃𝟏𝟏𝑴𝑴𝟏𝟏 + 𝛃𝛃𝟐𝟐𝑴𝑴𝟐𝟐 + ⋯+ 𝛃𝛃𝐧𝐧𝑴𝑴𝑴𝑴 + 𝜺𝜺 Equation  4-3 

Where 𝒅𝒅 is the dependent variable, 𝛃𝛃𝐢𝐢 the regression coefficients (𝒊𝒊 = 𝟏𝟏,𝟐𝟐, … . ,𝒑𝒑), 𝑴𝑴𝒊𝒊 the 
predictive and input variables (𝒊𝒊 = 𝟏𝟏,𝟐𝟐, … . ,𝒑𝒑) and 𝜺𝜺 the random error term. The 
regression coefficients are estimated based on a record of observations which is normally 
carried out by curve fitting based on the Ordinary Least Square method (OLS) with the 
aim of minimizing the difference between the observed and estimated values [230]. Once 
the coefficients are estimated, a prediction equation can be used to predict the value of a 
dependent variable as a function of the independent predictors [229]. The independent 
variables should also have little or no correlation with each other to prevent collinearity 
problems during data analysis [230]. The random error term, 𝜺𝜺, is used to test the overall 
significance of the regression equation and the significance of the estimated coefficients 
which has to be normally and independently distributed with a mean of zero [230]. The 
coefficient of determination (𝑹𝑹𝟐𝟐), which ranges between 0 and 1, is another important 
output of the regression analysis which indicates the goodness of fit of a regression 
model and can be interpreted as the proportion of the variance in the dependent variable 
that can be explained by the independent variables [230]. In MLR analysis the choice of 
the functional form to describe dependent variable is somewhat arbitrary and there is no 
real consensus about the best form [3]. While [231] assume a linear relationship, [232] 
assume a logarithmic relationship and a mixture of both is assumed by [233]. In this 
research the regression analysis is performed with the software package IBM SPSS 
Statistics, version 22. For this application to predict the annual electricity usage of 
building connections, a stepwise regression model is applied as it ranks the variables 
based on their importance and to minimize the collinearity between explanatory 
variables it adds the variables to the model in sequentially [197]. For the application of 
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stepwise selection model the inclusion p-value is set to 0.05 and exclusion p-value is set 
to 0.1. In the next section the MLR analysis will be applied to the constructed building 
electricity usage database and analysis is conducted separately for each building sector. 
Following that the results and outcomes of each sector are described in detail. 

4.4.1 Residential sector 

A stepwise MLR analysis is performed to determine the statistically significant 
predictors (explanatory variables) to the annual electricity usage of the residential 
building connections and construct the prediction equations. As mentioned in 
Section  4.3.4, three main categories of predictors are applied in the regression analysis, 
including: physical (building type, building age, ground area, roof area, roof type and 
physical capacity of the electrical connection), geospatial (urbanization degree, building 
height, building density and solar intensity) and socioeconomic (WOZ value) 
characteristics. MLR analysis is applied in order to determine the influence of each 
predictive category on the annual electricity usage prediction. Descriptive statistics of the 
continuous predictors such as mean and standard deviation values are presented in  

Table  4-6. A full list of categorical variables that are employed in the MLR analysis is 
shown in Table  4-5, with both base variable and corresponding dummy variables. Before 
the MLR analysis is performed, the correlations analysis and collinearity diagnostics 
should be investigated. Independent variables which have a high correlation with the 
dependent variable is preferred in the MLR analysis. Table  4-7 shows the parametric and 
non-parametric correlations between the dependent variable and continuous and 
categorical predictors in the residential sector. For the continuous variables, while the 
correlations between the annual electricity usage and ground area, WOZ value, parcel 
area, height, urbanization degree are significant, the correlation coefficients between 
roof area, solar radiation and density with annual electricity usage is relatively low. For 
the categorical variables, the non-parametric correlations between the annual electricity 
usage and connection type, roof type and building type are significant.  

The annual residential electricity usage variations in terms of categorical variables, 
including building type and connection type are presented in Figure  4-4. As shown, 
detached buildings consume more electricity than other building types, with the mean of 
4770.47 kWh/yr. more than double of the apartments (2025.35 kWh/yr.) and higher than 
the average annual electricity usage of residential buildings in the Netherlands (3500 
kWh/yr.). The graphs also show the standard deviation of electricity usage for each level 
of the above-mentioned categorical variables. 

 



66 

Table  4-7 Parametric and non-parametric correlations between annual electricity usage and 
continuous and categorical variables in the residential sector 

Variables Correlation coefficients REPRESENTATIVE_USAGE 

WOZ_VALUE Pearson Correlation .289** 
Sig. (2-tailed) .000 
N 84648 

PARCEL_AREA 
Pearson Correlation -.251** 
Sig. (2-tailed) .000 
N 91810 

ROOF_AREA 
Pearson Correlation -.042** 
Sig. (2-tailed) .000 
N 81116 

GAREA 
Pearson Correlation .47** 
Sig. (2-tailed) .000 
N 93725 

HEIGHT Pearson Correlation .282** 
Sig. (2-tailed) .000 
N 91638 

SOLAR_RAD 
Pearson Correlation -.077** 
Sig. (2-tailed) .000 
N 91485 

URBAN_DEG 
Pearson Correlation .108** 
Sig. (2-tailed) .000 
N 95695 

DENSITY Pearson Correlation -.013** 
Sig. (2-tailed) .000 
N 94355 

ROOF_TYPE 
Spearman Coefficient .117** 
Sig. (2-tailed) .000 
N 87490 

CONNECTION_TYPE 
Spearman Coefficient .259** 
Sig. (2-tailed) .000 
N 95695 

BUILDING_CATEGORY 
Spearman Coefficient .443** 
Sig. (2-tailed) .000 
N 89623 

AGE_CATEGORY 
Spearman Coefficient .037** 
Sig. (2-tailed) .000 
N 95695 

**Correlation is significant at the 0.01 level (2-tailed). 

Figure  4-4 Variations in the annual electricity usage of the residential buildings in terms of the 
categorical variables, including (left) building type and (right) connection type  
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The other important aspect of the correlation analysis is the investigation of the 
collinearity between the predictors. To have a more acceptable outcome of the regression 
analysis the correlation effects between the predictors should be minimized. Table  4-8 
shows the collinearity analysis between the predictors in the residential sector. As the 
table shows there are relatively low level of correlations between predictors, therefore it 
is expected that most of the predictors will be employed in the MLR analysis. The only 
exceptions are building height and building type that show relatively strong correlations 
with other independent variables. The building type shows a strong collinearity with the 
WOZ value, ground area and roof area with the Pearson correlation coefficients of 32%, 
41% and 61% respectively. This can be attributed to the fact that building types such as 
detached or semi-detached buildings have higher ground areas which consequently lead 
to the higher WOZ values and roof area. Building height also shows strong collinearity 
with the building type, roof area and ground area with the Pearson correlation 
coefficients exceeding 45% in three cases.  

Table  4-8 Collinearity analysis between the predictors in the residential sector 

 WZa PAb RAc ARd HEe SRf UDg DEh RTi CTj BTk 

WZa Pearson Cor.            
 Sig. (2-tailed)            

 N            
PAb Pearson Cor. -.225**           

 Sig. (2-tailed) .000           
 N 83450           

RAc Pearson Cor. .118** .013**          
 Sig. (2-tailed) .000 .000          

 N 73983 79992          
ARd Pearson Cor. .516** -.297** -.044**         

 Sig. (2-tailed) .000 .000 .000         
 N 84629 91368 80539         

HEe Pearson Cor. .183** -.193** -.621** .468**        
 Sig. (2-tailed) .000 .000 .000 .000        

 N 82865 90473 81004 91155        
SRf Pearson Cor. -.070** .036** -.022** -.095** -.037**       

 Sig. (2-tailed) .000 .000 .000 .000 .000       
 N 82473 90214 81369 91007 91885       

UDg Pearson Cor. -.029** -.045** -.070** .162** .087** -.066**      
 Sig. (2-tailed) .000 .000 .000 .000 .000 .000      

 N 85587 94175 82914 95190 94004 93811      
DEh Pearson Cor. .004 .023** -.087** .000 .079** -.020** .008*     

 Sig. (2-tailed) .233 .000 .000 .947 .000 .000 .013     
 N 84673 92869 81784 93815 92832 92577 96812     

RTi Pearson Cor. .113** -.127** -.072** .178** .116** -.165** .051** .019**    
 Sig. (2-tailed) .000 .000 .000 .000 .000 .000 .000 .000    

 N 79307 86356 78180 87057 89629 87696 89644 88524    
CTj Pearson Cor. .243** -.163** .196** .306** .013** -.054** .051** -.004 .080**   

 Sig. (2-tailed) .000 .000 .000 .000 .000 .000 .000 .237 .000   
 N 85587 94173 82914 95190 93989 93796 98222 96797 89637   

BTk Pearson Cor. .322** -.235** -.415** .611** .733** -.081** .215** .058** .050** .179**  
 Sig. (2-tailed) .000 .000 .000 .000 .000 .000 .000 .000 .000 .000  

 N 80803 87525 76777 89163 88386 87210 91263 90110 84670 91261  
ACl Pearson Cor. -.062** -.031** .197** .104** -.178** -.007* .158** -.003 .040** .079** -.095** 

 Sig. (2-tailed) .000 .000 .000 .000 .000 .028 .000 .341 .000 .000 .000 
 N 85587 94175 82914 95190 94004 93811 98237 96812 89644 98222 91263 

aWOZ_VALUE, bPARCEL_AREA, cROOF_AREA, dAREA, eHEIGHT, fSOLAR_RAD, gURBAN_DEG, hDENSITY, iROOF_TYPE, jCONNECTION_CATEGORY, 
kBUILDING_TYPE, lAGE_CATEGORY 
** Correlation is significant at the 0.01 level (2-tailed). 
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In this research, in order to determine the contribution of geospatial characteristics 
in the annual electricity usage variability, the regression analysis is performed in two 
consecutive steps. In the first step only the geospatial characteristics are implemented in 
the MLR analysis. Following that in the second step the other categories including 
physical and socioeconomic characteristics are also added to the model. According to the 
Table  4-9 the geospatial characteristics account for 9.7% of the total variability in the 
building electricity usage. In total all variables explain 28.1% of the electricity usage 
variance. The results also revealed that the independent errors assumption has almost 
met and the Durbin Watson value was very close to the specified boundary. A 95% 
confidence interval for β showed that the model is reliable. The model also seems not to 
have collinearity, because tolerance values and VIF are within the limits. The 
standardized residuals and normal probability plots compare the distribution of the 
standardized residuals to the normal distribution.  

Table  4-9 Results of the regression models in the residential sector 

Model Variable categories R R Square Adjusted R Square Std. Error of the Estimate 
Step 1 Geospatial characteristics 0.312 0.097 0.097 1650.927 
Step 2 All variable categories 0.530 0.281 0.281 1394.675 
a. Predictors: (Constant), HEIGHT, URBAN_DEG, SOLAR_RAD, DENSITY   
b. Predictors: (Constant), AREA, CONNECTIONI, APARTMENT, PARCEL_AREA, AGEIV, SOLAR_RAD, AGEIII, AGEII, AGEI, 

WOZ_VALUE, DENSITY, URBAN_DEG, HEIGHT 

Figure  4-5 indicates that the standardized residuals histogram is normally and 
independently distributed, with a mean of almost zero and a constant variance. Hence, 
we can fairly conclude that that the regression model is accurate. 

Figure  4-5 Histogram of the standardized residuals and normal probability plots in the residential 
sector 

In Table  4-10 the unstandardized coefficients including coefficients of β and standard 
error of β and the standardized coefficient of all variables are presented. The result shows 
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that most of the predictors are deployed in the regression model with the exception of 
AGEIV, ROW and HEIGHT which are excluded from the model. It also revealed that all 
the deployed variables are statistically significant at the 0.007 level. The sign of ground 
area and urbanization degree are in accordance with what was expected. The 
standardized coefficients show that area has the highest effect on the annual residential 
electricity usage. Using dummy coding to analyze the effect of roof types and building 
age on the residential electricity use, we can see that building with flat roofs and building 
constructed before 1990 have less electricity use. The standardized coefficients also show 
that density and WOZ value has the lowest effect on the electricity usage, which was not 
expected. Using dummy coding to analyze the effect of the building type on the annual 
residential electricity usage, and taking a detached dwelling as a reference, we can see 
that less electricity is used in apartments. It has been observed, that height has no 
significant effect on the residential electricity usage.  

Table  4-10 Unstandardized and unstandardized coefficients of the regression model in the residential 
sector 

Coefficientsab 
 Unstandardized Coefficients Standardized Coefficients 

t Sig. 
Variables B Std. Error Beta 

 

(Constant) 2500.268 58.427  42.793 .000 
AREA 13.740 .232 .289 59.259 .000 
CONNECTIONI -522.495 13.652 -.126 -38.272 .000 
APARTMENT -621.934 24.958 -.165 -24.919 .000 
PARCEL_AREA -.052 .002 -.080 -23.923 .000 
AGEIV -117.807 18.302 -.029 -6.437 .000 
SOLAR_RAD -0.000582 0.000070 -.027 -8.362 .000 
AGEIII -396.599 18.015 -.098 -22.016 .000 
AGEII -413.845 18.012 -.112 -22.976 .000 
AGEI -458.878 21.062 -.100 -21.787 .000 
WOZ_VALUE 0.000442 0.000054 .034 8.226 .000 
DENSITY -.237 .061 -.012 -3.902 .000 
URBAN_DEG 5.497E-6 0.000002 .009 2.524 .012 
HEIGHT 11.245 5.421 .013 2.074 .038 

a Dependent Variable: REPRESENTATIVE_USAGE 
b Excluded Variables: ROW 

Finally, based on the estimated coefficients of the explanatory variables in Table  4-10, 
the regression model predicting the annual electricity usage can be summarized as:  

𝑨𝑨𝑴𝑴𝑴𝑴𝒖𝒖𝒑𝒑𝒑𝒑 𝒑𝒑𝒑𝒑𝒔𝒔𝒊𝒊𝒅𝒅𝒑𝒑𝑴𝑴𝒕𝒕𝒊𝒊𝒑𝒑𝒑𝒑 𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒕𝒕𝒑𝒑𝒊𝒊𝒑𝒑𝒊𝒊𝒕𝒕𝒅𝒅 𝒖𝒖𝒔𝒔𝒑𝒑𝒈𝒈𝒑𝒑 (𝒌𝒌𝒌𝒌𝒉𝒉/𝒅𝒅𝒑𝒑𝒑𝒑𝒑𝒑)  
=  2500.268 +  13.740 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑎𝑎𝑔𝑔𝑎𝑎𝑎𝑎 (𝑚𝑚2)  −  522.495 𝑐𝑐𝑔𝑔𝑔𝑔𝑔𝑔𝑎𝑎𝑐𝑐𝑡𝑡𝑖𝑖𝑔𝑔𝑔𝑔𝑐𝑐 
−  621.934 𝑎𝑎𝑎𝑎𝑎𝑎𝑔𝑔𝑡𝑡𝑚𝑚𝑎𝑎𝑔𝑔𝑡𝑡 −  0.052 𝑎𝑎𝑎𝑎𝑔𝑔𝑐𝑐𝑎𝑎𝑝𝑝 𝑎𝑎𝑔𝑔𝑎𝑎𝑎𝑎 (𝑚𝑚2)  −  117.807 𝑎𝑎𝑔𝑔𝑎𝑎𝑐𝑐𝑎𝑎 
−  0.001 𝑠𝑠𝑔𝑔𝑝𝑝𝑎𝑎𝑔𝑔 𝑔𝑔𝑎𝑎𝑔𝑔𝑖𝑖𝑎𝑎𝑡𝑡𝑖𝑖𝑔𝑔𝑔𝑔 (𝑘𝑘𝑘𝑘ℎ/𝑚𝑚2)  −  396.599 𝑎𝑎𝑔𝑔𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐 
− 413.845 𝑎𝑎𝑔𝑔𝑎𝑎𝑐𝑐𝑐𝑐 −  458.878 𝑎𝑎𝑔𝑔𝑎𝑎𝑐𝑐 +  0.000442 𝑘𝑘𝑊𝑊𝑊𝑊 𝑣𝑣𝑎𝑎𝑝𝑝𝑔𝑔𝑎𝑎 (€)  
−  0.237 𝑔𝑔𝑎𝑎𝑔𝑔𝑠𝑠𝑖𝑖𝑡𝑡𝑑𝑑 +  0.000005 𝑔𝑔𝑔𝑔𝑢𝑢𝑎𝑎𝑔𝑔𝑖𝑖𝑢𝑢𝑎𝑎𝑡𝑡𝑖𝑖𝑔𝑔𝑔𝑔 𝑔𝑔𝑎𝑎𝑔𝑔𝑔𝑔𝑎𝑎𝑎𝑎 
+  11.245 𝐻𝐻𝑎𝑎𝑖𝑖𝑔𝑔ℎ𝑡𝑡 

Equation  4-4 
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4.4.1.1 Annual electricity usage prediction of the residential building connections in 
the study area 

Finally in this section, based on the results of the regression model and estimated 
coefficients of the explanatory variables, we can predict the amount of annual electricity 
usage of each building connection in the study area. In this section the constructed 
regression model (Equation  4-4) is applied to predict the annual electricity usage of the 
building connections in the residential sector both in the study area and for the whole 
city. The resulting predictions will be compared with the actual data to examine the 
validity of the applied regression model. The study area is a district in the north of the 
Eindhoven municipality in the Netherlands, which its detailed descriptions are presented 
in Section  5.7. There are 1631 electricity connections in the study area which 
approximately 97% (1584 connections) of them are residential (compared to the whole 
city which 89% of the connections are residential). Table  4-11 shows the results of the 
applied regression model on both the study area and the whole city of Eindhoven. The 
total annual electricity usage of the area based on the actual data is 9452659 kWh/yr. The 
resulting prediction of the total annual electricity usage of the study area is 
8610427kWh/yr. with a discrepancy value of -8.91%. The resulting values in the 
residential sector are 8649693kWh/yr. and 8039024 kWh/yr. for actual total electricity 
demand and predicted total electricity demand respectively, with a discrepancy value of -
7.06%. The application of the regression model on the city of Eindhoven revealed the 
discrepancy values of -3.51 and -3.53 for the total electricity demand and total residential 
electricity demand. The average yearly demand of the residential connections in the 
study area is 5461kWh/yr., considerably higher than the average annual demand of the 
whole city. 

Table  4-11 Results of the application of the regression model for prediction of the annual electricity 
usage of residential connections for both the study area and the city of Eindhoven 

  
Number 
of 
records 

Number of 
*Res. 
records 

Total 
electricity  
demand 

Total Res. 
electricity  
demand 

Average Res. 
electricity  
demand 

Discrepancy  
of with actual 
data (*Res.) 

    kWh/yr. kWh/yr. kWh/yr. % 
Actual 
data 

Study area 1631 1584 9452659 8649693 5461  
Eindhoven city 110232 98237 774242902 440900545 4488  

Predicted 
data 

Study area 1631 1584 8610427 8039024 5075 -7.06 
Eindhoven city 110232 98237 747066976 425336755 4329 -3.53 

Of total 
Study area 100% 97% 100% 92.5%   
Eindhoven city 100% 89% 100% 56.9%   

*Residential 

4.4.2 Nonresidential sector 

The NR sector comprises two main groups of buildings; service and industry. The 
regression analysis of this sector for both service and industrial buildings are explained 
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in detail in the following section. A stepwise MLR analysis is performed to determine the 
statistically significant predictors to the annual electricity usage of the NR building 
connections and construct the prediction equations. As mentioned in Section  4.3.4, for 
NR buildings, two main categories of predictors are applied in the regression analysis, 
including: physical (building type, building age, ground area, roof area, roof type and 
physical capacity of the electrical connection) and geospatial (urbanization degree, 
building height, building density and solar intensity) characteristics. MLR analysis is 
applied in order to determine the influence of each predictive category on the annual 
electricity usage prediction. Descriptive statistics of the continuous predictors such as 
mean and standard deviation values are presented in Table  4-6. A full list of categorical 
variables that are employed in the MLR analysis is shown in Table  4-5, with both base 
variable and corresponding dummy variables. Before the MLR analysis is performed, the 
correlations analysis and collinearity diagnostics should be investigated. Independent 
variables which have a high correlation with the dependent variable are preferred in the 
MLR analysis. Table  4-12 shows the parametric and non-parametric correlations 
between the dependent variable and continuous and categorical predictors for both 
service and industrial buildings. For the continuous variables, for both service and 
industrial buildings while the correlations between the annual electricity usage and 
ground area and height are significant, the correlation coefficients between parcel area, 
solar radiation and density with annual electricity usage is relatively low. Although the 
annual electricity usage of the service buildings has a relatively high correlation with the 
parcel area and roof area, but for the industrial buildings, it is insignificant. Annual 
electricity usage of the industrial buildings has a high correlation with the urbanization 
degree. This can be attributed to the fact that most of the high electricity-consuming 
industrial buildings are situated in the urban peripheries. Regarding the categorical 
variables, for both service and industrial buildings the non-parametric correlations 
between the annual electricity usage and connection type are significant. Moreover 
service building electricity usage has also relatively high correlation with the building 
type and age category. The annual electricity usage variations based on the connection 
type for both service and industrial buildings are presented in Figure  4-6. As the graph 
shows for both service and industrial buildings the standard deviation of electricity usage 
per connection types is relatively large, particularly in medium and high voltage 
connections. The graph also shows that in this sector the annual electricity usage per 
connection types is significantly higher than the residential buildings particularly for the 
industrial connections. The graphs also show the average and standard deviation of 
annual electricity usage per age category of the service buildings. As the graph shows, the 
older the building is, the higher the electricity consumption is.  
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Table  4-12 Parametric and non-parametric correlations between annual electricity usage and 
continuous and categorical variables in the nonresidential sub-sectors 

Variables Correlation coefficients 
REPRESENTATIVE_USAGE 
Service Industry 

PARCEL_AREA Pearson Correlation -0.150** -0.013 
Sig. (2-tailed) 0.000 0.642 
N 8471 1337 

ROOF_AREA 
Pearson Correlation -0.191** 0.069* 
Sig. (2-tailed) 0.000 0.011 
N 8338 1354 

GAREA Pearson Correlation 0.328** 0.454** 
Sig. (2-tailed) 0.000 0.000 
N 8343 1329 

HEIGHT 
Pearson Correlation 0.319** 0.293** 
Sig. (2-tailed) 0.000 0.000 
N 8367 1318 

SOLAR_RAD 
Pearson Correlation -0.021** 0.061* 
Sig. (2-tailed) 0.000 0.036 
N 8329 1190 

URBAN_DEG Pearson Correlation -0.011** 0.169** 
Sig. (2-tailed) 0.000 0.000 
N 8960 1392 

DENSITY 
Pearson Correlation 0.012** -0.010 
Sig. (2-tailed) 0.000 0.708 
N 8795 1384 

ROOF_TYPE 
Spearman Coefficient -0.103** 0.007 
Sig. (2-tailed) 0.000 0.820 
N 7423 1143 

CONNECTION_TYPE 
Spearman Coefficient 0.487** 0.613** 
Sig. (2-tailed) 0.000 0.000 
N 8982 1392 

BUILDING_CATEGORY 
Spearman Coefficient 0.226** 
Sig. (2-tailed) 0.000 
N 7268 

AGE_CATEGORY 
Spearman Coefficient -0.148** 0.064* 
Sig. (2-tailed) 0.000 0.016 
N 8982 1392 

**Correlation is significant at the 0.01 level (2-tailed). 
*Correlation is significant at the 0.05 level (2-tailed).  

Figure  4-6 Variations in the annual electricity usage of service and industrial buildings based on the 
connection type, left: service buildings, right: industrial buildings 
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The other important aspect of the correlation analysis is the investigation of the 
collinearity between the predictors. To have a more acceptable outcome of the regression 
analysis the correlation effects between the predictors should be minimized. Table  4-13 
and Table  4-14 show the collinearity analysis between the predictors for the service and 
industrial buildings respectively. For both service and industrial buildings except for a 
limited number of variables, there is relatively low level of correlations between 
predictors, therefore it is expected that most of the predictors will be employed in the 
MLR analysis. For both building subsectors, connection type has a high degree of 
correlations with the building ground area and height with Pearson correlation 
coefficients exceeding 30%. This can be explained by the fact that buildings with the 
higher surface area and height are connected to the high voltage electricity connections. 
Building height in the service sub-sector also shows strong collinearity with the building 
type with the Pearson correlation coefficients exceeding 70% in three cases.  

Table  4-13 Collinearity analysis between the predictors in the service sub-sector  

 PAb RAc ARd HEe SRf UDg DEh RTi CTj BTk 

PAb Pearson Cor.           
 Sig. (2-tailed)           

 N           
RAc Pearson Cor. .691**          

 Sig. (2-tailed) 0.000          
 N 9299          

ARd Pearson Cor. -.142** -.155**         
 Sig. (2-tailed) 0.000 .000         

 N 8486 8309         
HEe Pearson Cor. -.072** -.138** .334**        

 Sig. (2-tailed) 0.000 0.000 0.000        
 N 9032 8898 8473        

SRf Pearson Cor. -.109** -.096** 0.005 0.004       
 Sig. (2-tailed) 0.000 0.000 0.660 0.693       

 N 8978 8847 8442 9546       
UDg Pearson Cor. .242** .162** -.055** -.047** .045**      

 Sig. (2-tailed) 0.000 0.000 0.000 0.000 0.000      
 N 9632 9525 9052 9706 9656      

DEh Pearson Cor. -.066** -.126** -.021 -.012 -.123** -.113**     
 Sig. (2-tailed) 0.000 0.000 0.053 0.239 0.000 0.000     

 N 9459 9360 8891 9541 9492 10169     
RTi Pearson Cor. .031** .113** -.084** -.058** -.139** -.126** .034**    

 Sig. (2-tailed) 0.006 0.000 0.000 0.000 0.000 0.000 0.001    
 N 8042 8110 7564 8720 8526 8683 8538    

CTj Pearson Cor. -.131** -.114** .370** .360** -.031** -.033** .085** -.115**   
 Sig. (2-tailed) 0.000 0.000 0.000 0.000 0.002 0.001 0.000 0.000   

 N 9640 9542 9067 9718 9669 10347 10185 8694   
BTk Pearson Cor. -.186** -.225** .211** .744** 0.007 0.024* -.001 -.081** .138**  

 Sig. (2-tailed) 0.000 0.000 0.000 0.000 0.558 0.035 0.940 0.000 0.000  
 N 7246 7032 7570 7314 7276 7847 7694 6478 7845  

ACl Pearson Cor. .360** .345** -.064** -.129** -.149** .054** .062** -.044** -.063** -.284** 
 Sig. (2-tailed) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

 N 9661 9564 9069 9744 9695 10373 10210 8720 10388 7852 
bPARCEL_AREA, cROOF_AREA, dAREA, eHEIGHT, fSOLAR_RAD, gURBAN_DEG, hDENSITY, iROOF_TYPE, jCONNECTION_CATEGORY, 
kBUILDING_TYPE, lAGE_CATEGORY 
** Correlation is significant at the 0.01 level (2-tailed). 
* Correlation is significant at the 0.05 level (2-tailed). 

One striking result of the collinearity analysis of the industrial buildings is the high 
correlation of the urbanization degree with other explanatory variables, such as building 
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area, roof area, parcel area, age category, connection types and height. This can be 
attributed to the fact that most of the industrial buildings with higher surface area, 
height and voltage electricity connections are located on the periphery of urban areas.  

Table  4-14 Collinearity analysis between the predictors in the industrial subsector 

PAb RAc ARd HEe SRf UDg DEh RTi CTj

PAb Pearson Cor. 
Sig. (2-tailed) 
N 

RAc Pearson Cor. .648** 
Sig. (2-tailed) 0.000 
N 1445 

ARd Pearson Cor. 0.004 0.106** 
Sig. (2-tailed) 0.879 0.000 
N 1378 1404 

HEe Pearson Cor. .102** .169** 0.393** 
Sig. (2-tailed) 0.000 0.000 0.000 
N 1411 1446 1352 

SRf Pearson Cor. -.113** .131** 0.091** .274** 
Sig. (2-tailed) 0.000 0.000 0.001 0.000 
N 1281 1312 1223 1354 

UDg Pearson Cor. 0.281** 0.274** 0.126** .361** 0.048 
Sig. (2-tailed) 0.000 .000 .000 0.000 0.077 
N 1488 1510 1426 1500 1365 

DEh Pearson Cor. 0.073** -0.045 -0.035 -.099** -.211** -0.042 
Sig. (2-tailed) 0.005 0.085 0.192 0.000 0.000 0.094 
N 1477 1499 1419 1490 1354 1570 

RTi Pearson Cor. 0.108** 0.177** -0.054 -0.062* -.085** -0.052 .093** 
Sig. (2-tailed) 0.000 0.000 0.066 0.024 0.004 0.059 0.001 
N 1230 1264 1181 1310 1177 1317 1307 

CTj Pearson Cor. -0.079 0.032 0.543** .496** .161** .201** -0.054* -0.044 
Sig. (2-tailed) 0.003** 0.209 0.000 0.000 0.000 0.000 0.031 0.113 
N 1480 1507 1424 1494 1359 1573 1562 1312 

ACl Pearson Cor. 0.356** 0.343** 0.125** .181** 0.025 .348** -0.065* -.223** 0.122** 
Sig. (2-tailed) 0.000 0.000 0.000 0.000 0.364 0.000 0.011 0.000 0.000 
N 1488 1510 1426 1500 1365 1581 1570 1317 1573 

bPARCEL_AREA, cROOF_AREA, dAREA, eHEIGHT, fSOLAR_RAD, gURBAN_DEG, hDENSITY, iROOF_TYPE, jCONNECTION_CATEGORY, 
lAGE_CATEGORY 
** Correlation is significant at the 0.01 level (2-tailed). 
* Correlation is significant at the 0.05 level (2-tailed). 

Figure  4-7 clearly demonstrates these correlations as most of the industrial building 
with the stated characteristics are located on the periphery of the Eindhoven city. 

Figure  4-7 Visual representations of the correlations between urbanization degree with (left) 
building area and (right) building height  
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In this research, in order to determine the contribution of geospatial characteristics 
in the electricity usage variability of nonresidential buildings, the regression analysis is 
performed in two consecutive steps. In the first step only the geospatial characteristics 
are implemented in the MLR analysis. Following that in the second step the other 
categories are also added to the model. According to the Table  4-15 for the service 
buildings the geospatial characteristics account for 9.9 % of the total variability in the 
building electricity usage. In total all variables explain 39.4 % of the total electricity usage 
variance. According to Table  4-16 in the industrial subsector geospatial characteristics 
accounts for 8.7% of the total variability in the building electricity usage. In total all 
variables explain 42.9 % of the total electricity usage variance. 

Table  4-15 Summary of the regression models in the service subsector 

Model Variable categories R R Square Adjusted R Square Std. Error of the Estimate 
Step 1 Geospatial characteristics 0.315 0.099 0.099 5318.056 
Step 2 All variable categories 0.628 0.394 0.393 3268.018 
a. Predictors: (Constant), HEIGHT, SOLAR_RAD   
b. Predictors: (Constant), CONNECTIONIII, CONNECTIONI, APARTEMENT, AREA, AGEI, ROOF_AREA, PARCEL_AREA, ROW, 

SOLAR_RAD, AGEII, AGEIV 

Table  4-16 Summary of the regression models in the industrial subsector 

Model Variable categories R R Square Adjusted R Square Std. Error of the Estimate 
Step 1 Geospatial characteristics 0.294 0.087 0.085 13730.367 
Step 2 All variable categories 0.655 0.429 0.426 10268.235 
a. Predictors: (Constant), HEIGHT, URBAN_DEG  
b. Predictors: (Constant), AREA, CONNECTIONIII, CONNECTIONI, CONNECTIONII, URBAN_DEG, AGEII 

The results also revealed that the independent errors assumption has met and the 
Durbin Watson value is very close to the specified boundary. A 95% confidence interval 
for β shows that the model is reliable. The model also seems not to have collinearity, 
because tolerance values and VIF are within the limits. The standardized residuals and 
normal probability plots compare the distribution of the standardized residuals to the 
normal distribution. Figure  4-8 indicates that the standardized residuals histogram in 
both service and industrial subsectors are normally and independently distributed, with 
a mean of almost zero and a constant variance. Hence, we can fairly conclude that that 
the resulting regression models are accurate.  

The unstandardized coefficients including coefficients of β and standard error of β 
and the standardized coefficients of regression variables in service and industry 
subsectors are presented in Table  4-17 and Table  4-18. The result shows that in the 
service sub-sector most of the predictors are deployed in the regression model with the 
exception of AGEIII, CONNECTIONII, FLAT, HEIGHT, and URBAN_DEG which is 
excluded from the model. It also revealed that all the deployed variables are statistically 
significant at the 0.05 level. However, for the industrial buildings as Table  4-18 shows 
only AREA, CONNECTIONIII, CONNECTIONI, CONNECTIONII, URBAN_DEG 
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and AGEII are deployed in the regression model which all are statistically significant at 
the 0.05 level. 

Figure  4-8 Histogram of the standardized residuals in the nonresidential sector, left: service, right: 
industry  

Table  4-17 Unstandardized and standardized coefficients of the regression model in the service sub-
sector 

Coefficientsab 
Unstandardized Coefficients Standardized Coefficients 

t Sig. 
Variables B Std. Error Beta 

(Constant) 4594.254 314.230 14.621 .000 
CONNECTIONIII 9115.594 234.322 .441 38.902 .000 
CONNECTIONI -1901.681 104.696 -.216 -18.164 .000 
APARTEMENT -1257.921 234.961 -.086 -5.354 .000 
AREA 7.996 .977 .094 8.181 .000 
AGEI 978.516 144.354 .088 6.779 .000 
ROOF_AREA -.280 .046 -.093 -6.057 .000 
PARCEL_AREA .132 .028 .075 4.744 .000 
ROW 1018.793 302.988 .051 3.362 .001 
SOLAR_RAD -.001 0.000447 -.037 -3.334 .001 
AGEII 435.609 129.808 .043 3.356 .001 
AGEIV 253.573 121.233 .026 2.092 .037 

a Dependent Variable: REPRESENTATIVE_USAGE 
b Excluded Variables: AGEIII, CONNECTIONII, FLAT, HEIGHT, URBAN_DEG 

For the service buildings as Table  4-17 shows the signs of the predictors related to the 
connection type and building type are in accordance with what was expected. The 
standardized coefficients show that connection type has the highest effect on the annual 
electricity usage in the service sub-sector. Using dummy coding to analyze the effect of 
the building type on the electricity usage, we can see that less electricity is used in 
apartments followed by row buildings similar to the pattern that observed in the 
residential sectors. The building age dummy variables all have the positive sign which 
shows they have a positive effect on the electricity usage. The coefficients also show that 
the old buildings consume more electricity compared with the new buildings. With one 
of the lowest beta values, the solar radiation has a very low effect on the service building 
electricity usage, which was not expected.  
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Table  4-18 Unstandardized and standardized coefficients of the regression model in the industry sub-
sector 

Coefficientsab 
 Unstandardized Coefficients Standardized Coefficients 

t Sig. 
Variables B Std. Error Beta 

 

(Constant) 30689.562 2028.423  15.130 .000 
AREA 6.631 .807 .202 8.222 .000 
CONNECTIONIII -18551.249 1841.355 -.622 -10.075 .000 
CONNECTIONI -31790.741 1934.478 -1.049 -16.434 .000 
CONNECTIONII -29049.912 1871.797 -1.052 -15.520 .000 
URBAN_DEG 0.000390 0.000106 .081 3.682 .000 
AGEII -1685.244 841.959 -.044 -2.002 .046 

aDependent Variable: REPRESENTATIVE_USAGE 
bExcluded Variables: ROOF_AREA, AGEIII, AGEIV, DENSITY, AGEI 

For industrial buildings as Table  4-18 shows ground area, connection type, building 
age and urbanization degree are the main variables that have an influence on the 
industrial electricity usage. As expected building with high voltage connection has a 
higher electricity usage compared with medium and low voltage connections. As 
discussed and also expected the urbanization degree has a positive effect on the 
electricity usage in the industrial buildings. Finally, with the results of the regression 
models and based on the estimated coefficients of the explanatory variables, now we can 
predict the amount of annual electricity which is consumed in each NR building. The 
regression model predicting the annual electricity usage in the service buildings can be 
summarized as:  

𝑨𝑨𝑴𝑴𝑴𝑴𝒖𝒖𝒑𝒑𝒑𝒑 𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒕𝒕𝒑𝒑𝒊𝒊𝒑𝒑𝒊𝒊𝒕𝒕𝒅𝒅 𝒖𝒖𝒔𝒔𝒑𝒑𝒈𝒈𝒑𝒑 𝒊𝒊𝑴𝑴 𝒕𝒕𝒉𝒉𝒑𝒑 𝒔𝒔𝒑𝒑𝒑𝒑𝒑𝒑𝒊𝒊𝒑𝒑𝒑𝒑 𝒔𝒔𝒖𝒖𝒃𝒃𝒔𝒔𝒑𝒑𝒑𝒑𝒕𝒕𝒓𝒓𝒑𝒑 (𝒌𝒌𝒌𝒌𝒉𝒉/𝒅𝒅𝒑𝒑𝒑𝒑𝒑𝒑)
=  4594.254 +  9115.594 𝑐𝑐𝑔𝑔𝑔𝑔𝑔𝑔𝑎𝑎𝑐𝑐𝑡𝑡𝑖𝑖𝑔𝑔𝑔𝑔𝑐𝑐𝑐𝑐𝑐𝑐 −  1901.681 𝑐𝑐𝑔𝑔𝑔𝑔𝑔𝑔𝑎𝑎𝑐𝑐𝑡𝑡𝑖𝑖𝑔𝑔𝑔𝑔𝑐𝑐 
−  1257.921 𝑎𝑎𝑎𝑎𝑎𝑎𝑔𝑔𝑡𝑡𝑚𝑚𝑎𝑎𝑔𝑔𝑡𝑡 +  7.996 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑎𝑎𝑔𝑔𝑎𝑎𝑎𝑎 (𝑚𝑚2) +  978.516 𝑎𝑎𝑔𝑔𝑎𝑎𝑐𝑐 
−  0.280 𝑔𝑔𝑔𝑔𝑔𝑔𝑟𝑟 𝑎𝑎𝑔𝑔𝑎𝑎𝑎𝑎 (𝑚𝑚2) +  0.132 𝑎𝑎𝑎𝑎𝑔𝑔𝑐𝑐𝑎𝑎𝑝𝑝 𝑎𝑎𝑔𝑔𝑎𝑎𝑎𝑎 (𝑚𝑚2) +  1018.793 𝑔𝑔𝑔𝑔𝑟𝑟 
−  0.001 𝑠𝑠𝑔𝑔𝑝𝑝𝑎𝑎𝑔𝑔 𝑔𝑔𝑎𝑎𝑔𝑔𝑖𝑖𝑎𝑎𝑡𝑡𝑖𝑖𝑔𝑔𝑔𝑔 (𝑘𝑘𝑘𝑘ℎ/𝑚𝑚2) +  435.609 𝑎𝑎𝑔𝑔𝑎𝑎𝑐𝑐𝑐𝑐 +  253.573 𝑎𝑎𝑔𝑔𝑎𝑎𝑐𝑐𝑎𝑎 

Equation  4-5 

Also the regression model predicting the annual electricity usage in the industrial 
buildings can be summarized as:  

𝑨𝑨𝑴𝑴𝑴𝑴𝒖𝒖𝒑𝒑𝒑𝒑 𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒕𝒕𝒑𝒑𝒊𝒊𝒑𝒑𝒊𝒊𝒕𝒕𝒅𝒅 𝒖𝒖𝒔𝒔𝒑𝒑𝒈𝒈𝒑𝒑 𝒊𝒊𝑴𝑴 𝒕𝒕𝒉𝒉𝒑𝒑 𝒊𝒊𝑴𝑴𝒅𝒅𝒖𝒖𝒔𝒔𝒕𝒕𝒑𝒑𝒅𝒅 𝒔𝒔𝒖𝒖𝒃𝒃𝒔𝒔𝒑𝒑𝒑𝒑𝒕𝒕𝒓𝒓𝒑𝒑 (𝒌𝒌𝒌𝒌𝒉𝒉/𝒅𝒅𝒑𝒑𝒑𝒑𝒑𝒑)  
=  30689.562 +  6.631 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑎𝑎𝑔𝑔𝑎𝑎𝑎𝑎 (𝑚𝑚2)  −  18551.249 𝑐𝑐𝑔𝑔𝑔𝑔𝑔𝑔𝑎𝑎𝑐𝑐𝑡𝑡𝑖𝑖𝑔𝑔𝑔𝑔𝑐𝑐𝑐𝑐𝑐𝑐 
−  31790.741 𝑐𝑐𝑔𝑔𝑔𝑔𝑔𝑔𝑎𝑎𝑐𝑐𝑡𝑡𝑖𝑖𝑔𝑔𝑔𝑔𝑐𝑐 −  −29049.912 𝑐𝑐𝑔𝑔𝑔𝑔𝑔𝑔𝑎𝑎𝑐𝑐𝑡𝑡𝑖𝑖𝑔𝑔𝑔𝑔𝑐𝑐𝑐𝑐 
+  0.000390 𝑔𝑔𝑔𝑔𝑢𝑢𝑎𝑎𝑔𝑔𝑖𝑖𝑢𝑢𝑎𝑎𝑡𝑡𝑖𝑖𝑔𝑔𝑔𝑔 𝑔𝑔𝑎𝑎𝑔𝑔𝑔𝑔𝑎𝑎𝑎𝑎 −  1685.244 𝑎𝑎𝑔𝑔𝑎𝑎𝑐𝑐𝑐𝑐 

Equation  4-6 

4.4.2.1 Annual electricity usage prediction of the nonresidential building connections 
in the study area 

In this section, based on the results of the regression model and estimated 
coefficients of the explanatory variables, we can predict the amount of annual electricity 
usage of each building in the study area. Here the constructed regression models 
(Equation  4-5 and Equation  4-6) are applied to predict the annual electricity usage of the 
building connections in the nonresidential sector both in the study area and for the 
whole city. The resulting predictions will be compared with the actual data to examine 
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the validity of the applied regression models. The study area is a district in the north of 
the Eindhoven municipality in the Netherlands, which its detailed descriptions are 
presented in the section. There are 1631 electricity connections in the study area which 
approximately 2.32% and 0.55% of them are service and industry connections 
respectively (compared to the whole city which 9.45% and 1.43% of the connections are 
service and industrial respectively). Table  4-19 shows the results of the applied 
regression models on both the study area and the whole city of Eindhoven. While the 
resulting values in the service subsector are 396778 kWh/yr. and 381639 kWh/yr. for 
actual total electricity demand and predicted total electricity demand respectively, with a 
discrepancy value of -3.82%, these values for the  industrial buildings are 300995 
kWh/yr. and 195677 kWh/yr. with a discrepancy value of -34.99%. The application of the 
regression models for the whole city revealed discrepancy values of -4.89 and 0.34 for the 
total service electricity demand and total industrial electricity demand respectively. The 
average annual demand of the service and industry connections in the study area is 
10442kWh/yr. and 33444kWh/yr., respectively, significantly lower than the average 
annual demand of the whole city. 

Table  4-19 Results of the application of regression model for prediction of the annual electricity 
usage of the nonresidential connections of the study area and the Eindhoven city 

  
Number 
of *ser. 
Records 

Number 
of **ind. 
Records 

Total *ser.  
Electricity  
demand 

Total **ind. 
Electricity  
demand 

Average *ser. 
Electricity  
demand 

Average **ind. 
Electricity  
demand 

*Ser. 
Discrepancy  

**Ind. 
Discrepancy  

    kWh/yr. kWh/yr. kWh/yr. kWh/yr. % % 
Actual 
data 

Study area 38 9 396778 300995 10442 33444   
Eindhoven city 10414  1581 250397520 82944837 24044 52464   

Predicted 
data 

Study area 38 9 381639 195677 10043 21742 -3.82 -34.99 
Eindhoven city 10414 9 238153081 83226849 22868 52642 -4.89 0.34 

Of total 
Study area 2.32% 0.55% 4.20% 3.18%     
Eindhoven city 9.45% 1.43% 32.34% 10.71%     

*Service 
**Industry 

4.5 Building connections load profiling 

The last step of the demand modelling process is the building connections load profiling. 
In this step each of the building connections is associated with one of the EDSN 
electricity load profiles based on the physical characteristics of the electrical connection 
and applied electricity tariff structure to generate the usage load profile of the building 
connections in hourly resolution for the entire year. As discussed in the first part of this 
chapter, the annual electricity usage prediction modelling captures the physical, spatial 
and socioeconomic effects of the built environment and distinguish between different 
customers and consumption sectors, however projections of the hourly electricity 
consumption are also equally important for the energy system planning, and the hourly 
usage load profile is an important input to the energy models that serve this purpose 
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[234]. Electricity usage load profiles are also necessary to project electricity demand for 
the planning of the production, transmission, and distribution capacities [234]. Most 
energy suppliers and energy service companies establish their policies and tariffs based 
on the usage load profiles on the hourly and daily basis and the recent penetration of 
smart grid technologies in the electricity grid such as smart meters has also increased the 
significance of usage load profiles [199]. Basically, load profile is a broad term but in 
general it represents the pattern of electricity usage of a class of customers. A load profile 
describes the amount of electricity a customer uses over the course of time [235]. The 
electric usage load profile varies with time and customers and power production and 
distribution system must respond to the load changes at any time [236]. Therefore, 
electricity distribution utilities need accurate load data for pricing and tariff planning, 
distribution network planning, production planning, load management, customer 
service and billing and providing information to customers and public authorities [236]. 
Furthermore, the load information reveal the way that customer or a group of customers 
use electricity at different hours of the day, days of the week and seasons of the year and 
specify what is customers share to the utility’s total load [235], [236].  

 
E1A: residential 
E2A: service 
E3A: industry 

Figure  4-9  Examples of the load variation over one week for three different types of customers 

There is a significant difference in the electricity usage load profile of different types 
of users, such as residential, commercial and industrial. Even for the same type of users, 
their electricity load profiles may be different [237]. Figure  4-9 depicts the electricity 
load variation over one week for three different types of customers. As shown the daily 
variation of usage profile for each sector is significantly different with others. As 
Figure  4-10 also shows even for the customers of the same sector, their patterns of 
electricity consumption may be different [238]. In this section for each building 
connection of built environment the electricity usage load profile will be generated in 
hourly resolution for the entire year. The usage load profiles are constructed through 
three steps. Firstly, three main factors that influence the load profiles, including, among 
others, customer type, the physical capacity of the connection and applied tariff structure 
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will be examined. Then the electricity usage load classification is performed based on the 
EDSN load profiles to obtain the main categories of the load profiles. Finally, using the 
applied EDSN [238] electricity usage load categories in combination with the annual 
electricity usage (the prediction process of the annual electricity usage of the building 
connections was explained in detail in the Section  4.4), the yearly load profile of the 
connections will be generated. These steps will be described in detail in the next three 
subsections. 

4.5.1 Load profiling influential factors   

The electricity usage load profiling of building connections will be examined based 
on the several factors that influence the customer’s load. The most important factors 
, among others, are [199], [236]: 

• Customer factor: While the electrical equipment and installation vary from 
customer to customer there are recognized customer types which have 
similar properties such as residential, service and industrial. 

• Electricity connection type factor: Electricity connection types such as low, 
medium and high determine the connection configuration and the voltage 
level, which in turn specifies how the connections interact with the 
distribution grid. Connection types have a fractional correlation with the 
customer types. 

• Tariff structure factor: Electricity tariff structure is known for affecting the 
electricity demand both in terms of aggregate use and disaggregate load 
profiles. Several studies have shown that residential electricity consumption 
profiles are shaped by changes in the flat tariff prices [199], [239]. 

• Time factors: The electrical load varies with time. There are more load in the 
daytime and less loads at night. Also the load varies between week days and 
usually the load is lower at weekends than on weekdays.  

The relation of these factors to the electricity usage load profiles have been analyzed 
by various modelling techniques. A wide range of research on modelling electric loads by 
mathematical methods has been reported in the literature that reviewed by [199], [236]. 
In this research by deploying the above-mentioned factors and based on the real world 
data the electricity usage load profile of building connections will be constructed.  

4.5.2 EDSN electricity load profiles  

In this research the electricity usage load classification is performed based on the 
EDSN electricity load profiles. Load classification is segmenting several usage load 
profiles into categories so that load profiles in the same category are more similar to each 
other than to load profiles in other categories [237], [240]. Load classification is an 



81 

 

important part of the usage load profiling, therefore, the accuracy of the load 
classification can affect the effectiveness of the usage load profiling [237]. The most 
comprehensive real data about the electricity time use is provided by the national time 
use surveys [199]. In these surveys, the data collection is conducted by means of time 
diaries during an entire year. Respondents are asked to fill in diaries and the results are 
summarized in 15-minute intervals. The EDSN electricity load profiles are also a 
national time use survey that determines typical consumption profiles of the residential 
and NR customers in the Netherlands based on the real data. These profiles are 
commonly used by the network operators to predict loads of the new network sections 
during the design process. EDSN measures the loads on 1000 connections every 15 
minutes during the entire year. EDSN distinguishes 9 categories based on the customer 
type, physical characteristics of the connection and applied tariff structure.  

Table  4-20 Specifications of the main categories of the electricity load profiles based on the EDSN 
load classification 

Profile 
Code 

                                         Building connections characteristics  
Physical capacity of the connections Applied tariff structure 

E1a ≤ 3×25 A Single rate 
E1b ≤ 3×25 A Double rates, night rate 
E1c ≤ 3×25 A Double rates, evening active rate 
E2a >3×25 A≤ 3×80 A Single rate 
E2b >3×25 A≤ 3×80 A Double rats 
E3a >3×80 A, <100 kW, operating time ≤ 2000 h Single rate 
E3b >3×80 A, <100 kW, operating time >2000 h, operating time ≤ 3000 h Single rate 
E3c >3×80 A, <100 kW, operating time >3000 h, operating time <5000 h Single rate 
E3d >3×80 A, <100 kW, operating time ≥ 5000 h  Single rate 

Table  4-20 shows the specifications of the main categories of the electricity load 
profiles based on the EDSN load classification. EDSN compensates for holidays and 
weather influences using data from the years before. The measurements are aggregated 
and every 15 minute period is assigned a portion of the total annual electricity 
consumption for that type of connection. The resulting value is a prediction of the 
fraction of the annual usage load asked by individual connections in a random 15 minute 
period. By multiplying the appropriate fraction of the load profile by the total annual 
electricity consumption of a connection the predicted load for the given time and date 
can be calculated. The EDSN load profiles are drawn up annually and updated regularly 
to keep the load profiles up-to-date at all times. This ensures that the load profiles always 
maintain with the demand changes. Errors that are associated with the sampling and 
geographical generalizations are also considered. The sampling errors are decreased with 
measurements from different type of customers. The geographical generalization is also 
avoided by calculating the load profiles separately for each distribution network area or 
region.  
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From the Table  4-20 three main load profile categories can be recognized, as follows: 

𝑬𝑬𝟏𝟏 category: 𝑬𝑬𝟏𝟏 represents the load profiles of the connections with the amperage value 
less than or equal to 𝟑𝟑 × 𝟐𝟐𝟐𝟐 𝑨𝑨𝒎𝒎𝒑𝒑𝒔𝒔, that mainly connected to the low electricity usage 
customers such as residential buildings. Based on the tariff structure 𝑬𝑬𝟏𝟏 category is 
divided into three profiles, including single rate, double rates night rate and double rates 
evening rate. The single rate profile (𝑬𝑬𝟏𝟏𝒑𝒑) is a dominant profile in this category in which 
the peak hours occur in the night hours. 𝑬𝑬𝟏𝟏𝒃𝒃 and 𝑬𝑬𝟏𝟏𝒑𝒑 are double rate profiles that as 
Figure  4-10 shows compared to the 𝑬𝑬𝟏𝟏𝒑𝒑 profile, their peak hours values are lower and 
part of the night hours demand has been shifted to the day hours. This has happened 
since during the day hours the electricity price is lower. The daily profiles also show the 
difference between weekdays and weekends profiles as in weekends part of the morning 
hours’ demand moved to the afternoon (Figure  4-11). 

 
𝑬𝑬𝟏𝟏𝒑𝒑: single rate 
𝑬𝑬𝟏𝟏𝒃𝒃: double rates, night rate 
𝑬𝑬𝟏𝟏𝒑𝒑: double rates, evening active rate 

Figure  4-10 Load variations over one day for low voltage connections 

 
 Figure  4-11 Comparing the load variations of the E1a load profile over weekdays and weekend 

There are also seasonal fluctuations. The seasonal fluctuation of 𝑬𝑬𝟏𝟏𝒑𝒑 profile is 
demonstrated in the Figure  4-12 and Figure  4-13. As the graphs show in winter demand 
is higher than summer. Also the night peaks are significantly higher than day hours 
demand, whereas in summer these differences are lower. 

0

0.00005

0.0001

0.00015

0.0002

0.00025

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

ye
ar

ly
 fr

ac
tio

n 
 

hours 

E1A E1B E1C

0

0.00005

0.0001

0.00015

0.0002

0.00025

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

ye
ar

ly
 fr

ac
tio

n 
 

hours 

Monday Sunday



83 

 

 
Figure  4-12 Comparing the load variations of the E1a load profile over the summer and winter week 

(Sunday to Saturday) 

 
Figure  4-13 E1a yearly load profile and the seasonal fluctuations 

𝑬𝑬𝟐𝟐 category: 𝑬𝑬𝟐𝟐 represents the load profiles of the building connections with the 
amperage value between 𝟑𝟑 × 𝟐𝟐𝟐𝟐 𝑨𝑨𝒎𝒎𝒑𝒑𝒔𝒔 and 𝟑𝟑 × 𝟖𝟖𝟎𝟎 𝑨𝑨𝒎𝒎𝒑𝒑𝒔𝒔 that mostly connected to the 
medium demand usage customers such as service buildings. Based on the tariff structure 
𝑬𝑬𝟐𝟐 has divided into two main profiles, single rate, and double rate. In this category the 
double rate profile (𝑬𝑬𝟐𝟐𝒃𝒃) is the dominant profile. For both profiles the peak hours occur 
during the day-hours and there is a significant distinction between day and night hours 
demand. Compared to the 𝑬𝑬𝟐𝟐𝒑𝒑, the 𝑬𝑬𝟐𝟐𝒃𝒃 profile has less fluctuations during the day-time 
(Figure  4-14).  

 
𝑬𝑬𝟐𝟐𝒑𝒑: single rate 
𝑬𝑬𝟐𝟐𝒃𝒃: double rates 

Figure  4-14 Load variations of the E2 profiles over one day 

The daily profiles also show the difference between weekdays and weekends profiles. 
As mentioned, this category belongs to the service buildings, therefore during the 
weekend and non-working hours the demand significantly drops (Figure  4-15).  
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Figure  4-15 Load variations of the E2 load profiles over a week (Sunday to Saturday) 

This category also has seasonal fluctuations. The seasonal fluctuation of 𝑬𝑬𝟐𝟐𝒃𝒃 profile 
is demonstrated in the Figure  4-16. As the graph shows in the January, December and 
August the demand is higher than the rest of the year (Figure  4-16).  

 
Figure  4-16 E2b yearly load profile and the seasonal fluctuations 

𝑬𝑬𝟑𝟑 category: 𝑬𝑬𝟑𝟑 represents the profiles of the connections with the amperage value 
higher than 𝟑𝟑 × 𝟖𝟖𝟎𝟎 𝑨𝑨𝒎𝒎𝒑𝒑𝒔𝒔 that do not have the continuous operations. This category 
mostly connected to the high demand usage customers such as industrial customers. 
Based on the tariff structure and the operating time level, 𝑬𝑬𝟑𝟑 has divided into four 
profiles. In this category 𝑬𝑬𝟑𝟑𝒑𝒑 and 𝑬𝑬𝟑𝟑𝒃𝒃 are dominant profiles and 𝑬𝑬𝟑𝟑𝒃𝒃 and 𝑬𝑬𝟑𝟑𝒑𝒑 have the 
same patterns. For all profiles the peak hours occur during the day-hours and for the 
𝑬𝑬𝟑𝟑𝒑𝒑 profile, there is a significant distinction between day and night demands. Compared 
to the other profiles, 𝑬𝑬𝟑𝟑𝒅𝒅 has less daily fluctuations (Figure  4-17). 

 
Figure  4-17 Load variations of the E3 load profiles over one day  

The weekly profiles also show the difference between weekdays and weekends 
profiles. As mentioned, this category belongs to the industrial buildings, therefore 
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during the weekend and non-working hours the demand significantly drops 
(Figure  4-18).  

 
Figure  4-18 Load variations of the E3 load profiles over a week (Sunday to Saturday) 

Although this category has seasonal fluctuations, however, compared to the 
residential and service categories the differences are not significant (Figure  4-19).  

 
Figure  4-19 E3b yearly load profile and the seasonal fluctuations 

Table  4-21 Descriptive statistics of the application of the usage load profiling on the building 
connections in the study area 

Profile 
categories 

Number of building 
connections 

Percentage (%) Total yearly usage 
(kWh)  

Average of the annual usage per 
connection (kWh) 

E1a 1438 88.17 6663001.76 4633.52 
E1c 145 8.89 1539366.4 10616.32 
E2a 7 0.43 47126.03 6732.29 
E2b 38 2.33 680583.04 17910.08 
E3 4 0.25 417393.99 139131.33 
Total 1631 100 9347473.03 5731.13 

4.5.3 Generating the usage load profile of the connections in the study area  

To determine the electricity usage load profile of the building connections in the 
study area (see Section  4.4.1.1 for more details) based on the applied profile categories, 
the annual electricity usage of the building connections and the EDSN load profile 
categories are used. In this step based on the building electricity connection 
characteristics, including physical capacity of the connections and applied tariff 
structure, each building connection is associated with one of the applied EDSN load 
profiles (Table  4-20). Then, by multiplying the annual electricity usage of the building 
connection (calculated in the Sections  4.4.1.1 and  4.4.2.1) by the associated load profile, 
the usage load profile of the building connection will be determined. Table  4-21 shows 
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the result of the application of the usage load profiling on the building connections in 
the study area.  

Figure  4-20 depicts the total load profiles of the building connections in the study 
area based on the applied profile categories. 

 
Figure  4-20 Total load profiles of the building connections in the study area  

4.6 Conclusions 

This chapter has introduced the design process of the demand module as the first 
component of the urban energy model framework. The main objective of this module 
was to determine the annual electricity usage and the usage load profile of the building 
connections in the urban built environment. In this chapter firstly through a literature 
review, the important electricity usage explanatory variables of the built environment 
were recognized. For each building, besides the building function and annual electricity 
usage connection, three major categories of electricity usage explanatory variables, 
including physical and structural, geospatial and socioeconomic characteristics were 
determined. Based on the identified variables and available data sources the building 
electricity usage database was constructed. The database was categorized based on the 
two most frequently used building sectors including residential and non-residential. By 
creating a database composed of the important electricity usage predictors, the cluster 
analysis was applied to identify the main building clusters. Following that, multiple 
linear regression method was applied to the constructed database to determine the 
predicting formulas to establish a relationship between the annual electricity usage as a 
dependent variable and the electricity usage explanatory variables as independent 
variables. The formulas were utilized to predict the annual electricity usage of the 
building connections. The last step of this module was load profiling of the building 
connections. In this step each of the building connections was associated with one of the 
EDSN load profiles based on the physical characteristic of the electrical connections and 
applied electricity tariff structure to generate the usage load profile of the building 
connections in hourly resolution for the entire year.  
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  CHAPTER 5
Supply Module1 

5.1 Introduction 

This chapter presents the design process of the supply module as the second 
component of the proposed urban energy model framework (presented in the 
Section  3.2). The main objective of this module is examining the spatial and technical 
conditions of the parcels in the urban area to allocate distributed renewable energy 
technologies2 (RET's) in order to generate an optimal configuration of these 
technologies that minimizes the total exploitation cost while satisfying the technical and 
spatial constraints and the required demand towards electricity neutral areas. Due to the 
various environmental and societal challenges which have emerged from a fossil fuel-
based energy system over the last few decades, electricity generation from distributed 
RET's is recognized as the main alternative resource for a future urban energy system. 
Accordingly, identifying the potential availability of renewable resources in the urban 
areas has become a key area of interest in urban energy modelling [1]–[3], [8]. Each type 
of distributed renewable energy technologies has its own installation requirements and 
special advantages which in urban environment, should be optimized based on the local 
conditions such as topography and potential resources in order to suit the needs of the 
area [8]. In order to obtain electricity from a renewable-based energy system reliably and 
at the economical price, its design must be optimal in terms of operation and technology 
type selection, thus, an optimization model is necessary in order to efficiently and 
economically utilize the renewable resources [8]. Achieving this will involve a detailed 
analysis of a given location due to the influence of various locations-dependent variables 
such as solar radiation, wind speed, and ambient temperature and their influence on the 
system operation. As an example installing a wind turbine where the wind turbulence is 
high, could cause early fatigue failure of the turbine blades and placing it in a location 
with substantial urban mass will make the turbine subject to very low wind speed [241]. 

                                                      
1 This chapter is based on Mohammadi, S., de Vries, B., & Schaefer, W. (2014). Modelling the allocation and economic 

evaluation of PV-panels and wind turbines in urban areas. Procedia Environmental Sciences, 22, 333–351. 
doi:10.1016/j.proenv.2014.11.032 

2 Throughout this chapter the terms "renewables", "distributed renewable energy technologies" or "distributed energy generation 
technologies" are used interchangeably to describe the "renewable energy technologies". 
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Thus, in this chapter a model is developed which integrates analyses of how renewable 
technologies can be installed, what spatial and energy implications may have and what 
will be their financial outcomes. This chapter will address the two main considered 
issues (see Section  1.2 for more details) which this research is attempting to tackle, 
including developing an integrated model to generate an optimized configuration of 
distributed RET′s and integrating the spatial and energy aspects of distributed renewable 
energy technologies. In this research the supply model only evaluates the allocation of 
PV-panels and urban wind turbines (hereafter referred as wind turbines) to the urban 
parcels, while considering the spatial specifications of the parcels, technical requirements 
of the distributed RET's and renewable resource availability. The RET allocation is 
performed based on the spatial conditions that exist at the locations where these 
technologies are installed and their mutual interactions. The extent of the interaction 
between renewables can vary for different land use types. The module finally generates 
the optimal configuration of distributed RET′s that minimize the total exploitation cost 
while satisfying all constraints to realize the required electricity demand. The supply 
module is implemented on the urban scale and parcel-based data structure is applied for 
the spatial representation of the environment. The allocation analysis is performed in 
hourly resolution over a one-year period. The configuration of the generation 
technologies, which is consists of PV-panels and wind turbines is fully adjustable. 
Finally, for demonstration purpose, four scenarios based on the different technology 
types and technical assumptions are implemented and results are compared. These 
analyses will help urban planners and designers to examine the influence of different 
technical and spatial assumptions on the installation of distributed renewable energy 
technologies in the urban areas. The structure of this chapter is as follows: after a brief 
introduction in Section  5.1, Section  5.2 will describe in detail the implemented 
distributed RET's in the supply model, including PV-panels and wind turbines. In 
Section  5.3 the module spatial data structure and parcels’ characteristics will be 
presented. The economic evaluation and applied indicators will be examined in 
Section  5.4. The RET-allocation algorithm is presented in Section  5.5. Section  5.6 
explains the implementation of the module. In Section  5.7 the case study area and 
associated datasets are described. Scenarios are introduced and discussed in Section  5.8. 
Finally, in Section  5.9 the major findings of the chapter are summarized. 

5.2  Renewable energy technologies   

In this section distributed RET′s that are implemented in the supply model as a 
source of renewable electrical energy are introduced. The focus here is on the 



89 

 

technologies which technically and spatially are feasible for the installation in urban 
areas including PV-panels and wind turbines. Typically, these consist of roof mounted 
photovoltaic panels and small and medium scale wind turbines that are positioned in 
urban areas adjacent to the built environment and are deployed as a supplementary 
energy sources [5]. The main advantage of these technologies is their size, which allows 
energy to be generated at multiple sites close to the consumption point. In the following 
sections for each technology the resource availability, power output determination 
procedure and spatial and technical requirements for installation in urban areas are 
explained in details. 

5.2.1 Wind turbines 

Wind turbine is a distributed energy generation technology that contributes to the 
sustainable energy system and converts the kinetic energy of wind into electricity [242]. 
The overall wind turbine features are described under the following headings: wind 
resource availability, wind turbines power determination, configuration of the wind 
turbines inside the parcels and spatial and technical conditions for the installation of 
wind turbines in urban areas.  

5.2.1.1 Wind resource availability 

The wind turbine captures the wind’s kinetic energy in a rotor consisting of two or 
more blades mechanically and then into electrical energy through the generator [43], 
[243]. The electrical power generated by a wind turbine can be expressed by [5], [41], 
[43], [244]: 

𝑵𝑵𝒘𝒘𝒕𝒕 =  
𝑪𝑪𝒑𝒑 × 𝝆𝝆 × 𝒑𝒑𝟑𝟑

𝟐𝟐
𝒓𝒓(𝒑𝒑) Equation  5-1 

Where the wind turbine power output (𝑵𝑵𝑤𝑤𝑤𝑤) is a function of the performance coefficient 
of the turbine (𝑪𝑪𝒑𝒑), the air density (𝝆𝝆), wind-speed (𝒑𝒑) and the wind speed distribution 
function 𝒓𝒓(𝒑𝒑). The performance coefficient of the turbine is defined as the ratio between 
the energy extracted and the wind energy available [41]. In the conversion process, 
aerodynamic conversion losses are high and according to the Betz limit, the maximum 
possible conversion coefficient of a wind rotor is 16/27 of the kinetic energy in wind. 
However, in reality airfoil blade roughness, wake effects, and hub and tip effects, reduce 
the maximum efficiency of a wind turbine to a lower level than the theoretical limit [43]. 
Moreover, if the wind flow is also unsteady the conversion capability of the wind rotor 
will also decrease [41], [43]. Wind speed is the most important factor to be considered 
when addressing the operation of wind turbines. Note that the power production of a 
wind turbine is proportional to the cube of the wind speed [245], so that small variations 
in 𝒑𝒑 can have a considerable impact on 𝑵𝑵𝑤𝑤𝑤𝑤. Wind turbine energy output is also 
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significantly sensitive to the installation location and hub height, such that small changes 
in the location can have a dramatic impact on its performance. In the urban areas due to 
the large roughness in the built environment, the airflow at lower altitude is significantly 
affected by the local trains specifications. The most commonly used method to assess the 
wind speeds at different heights and roughness classes in urban areas is to use the log 
wind profile and extrapolate from a reference site to an urban site by modifying its 
parameters [5], [41], [43]. The logarithmic profile assumes that the wind speed is 
proportional to the logarithm of the wind turbine hub height. [246] proposed that the 
log profile can be used to estimate wind at a site of interest, based on the observations 
made at a nearby reference site by: 

𝒑𝒑𝒛𝒛 = 𝒑𝒑(𝒛𝒛𝒑𝒑𝑴𝑴𝒑𝒑𝒎𝒎)  �𝒑𝒑𝑴𝑴�
𝒛𝒛
𝒛𝒛°
��  × �𝒑𝒑𝑴𝑴�

𝒛𝒛𝒑𝒑𝑴𝑴𝒑𝒑𝒎𝒎
𝒛𝒛°𝑹𝑹𝒑𝒑𝒓𝒓

�� �𝒑𝒑𝑴𝑴 �
𝒛𝒛𝒑𝒑𝑴𝑴𝒑𝒑𝒎𝒎
𝒛𝒛°

��× �𝒑𝒑𝑴𝑴�
𝒛𝒛

𝒛𝒛°𝑹𝑹𝒑𝒑𝒓𝒓
���  Equation  5-2 

Where 𝒛𝒛 is the wind turbine hub height, 𝒛𝒛𝒑𝒑𝑴𝑴𝒑𝒑𝒎𝒎 is the anemometer height, 𝒛𝒛° is the surface 
roughness length of the given site, 𝒛𝒛°𝑹𝑹𝒑𝒑𝒓𝒓 is the reference surface roughness length, 𝒑𝒑𝒛𝒛 is 
the wind speed at the hub height and 𝒑𝒑𝒛𝒛𝒑𝒑𝑴𝑴𝒑𝒑𝒎𝒎  is a wind speed at the anemometer height. 
This equation describes the wind-speed within urban areas where airflow has adjusted to 
the underlying terrain characteristics. It is properly applied to extensive homogeneous 
surfaces under neutral atmospheric conditions and is valid under these circumstances to 
wind turbine hub heights [5], [43]. This equation (Equation  5-2) requires data on the 
roughness lengths at the given site (𝒛𝒛°) and reference site (𝒛𝒛°𝑹𝑹𝒑𝒑𝒓𝒓). The surface roughness 
length or roughness coefficient is a parameter that characterizes the roughness of the 
surrounding terrains [242], [247]. The roughness coefficient 𝒛𝒛° can be retrieved from 
visual appraisal of the available data in maps, surface or aerial photos [248]. For such 
assessment, we need a classification of effective terrain roughness, and the most reliable 
of these is given by [5], [248], [249] as presented in Table  5-1.  

Table  5-1 Davenport classification of the effective terrain roughness  

In complex urban settings with substantial urban mass where surfaces are both rough 
and heterogeneous, the value of 𝒛𝒛° depends on the obstacles that surrounded the 
installation location of wind turbine [5]. A number of researchers applied the 
morphometric methods to evaluate 𝒛𝒛° based on the dimensions of buildings in the 

Roughness classes Roughness coefficients (𝐳𝐳°) Terrain descriptions 
Sea 0.0002  Open water, flat plain 
Smooth  0.005 Obstacle-free land with negligible vegetation, marsh, ridge-free ice 
Open  0.03 Flat open grass, tundra, airport runway, isolated obstacles  
Roughly open  0.10 Low crops or plant cover, occasional obstacles  

Rough 0.25 
Scattered obstacles at relative distances of 8 to 12 obstacle heights for low 
solid objects (e.g. Buildings) 

Very rough  0.5 Area moderately covered by low buildings at relative separations of 3 to 7 
obstacle heights and no high trees 

Skimming 1.0 Densely built-up area without much building height variation 
Chaotic 2 City centers with a mix of low and high-rise buildings  
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vicinity of the site of interest which are reported by [5]. For example [73] defines the 
roughness as a function of the building area and average building height as follows:  

𝒛𝒛° = 𝟎𝟎.𝟐𝟐𝑨𝑨𝒉𝒉𝒉𝒉𝒃𝒃 Equation  5-3 

Where 𝑨𝑨𝒉𝒉 is the percentage of the total area occupied by obstacles of average height 𝒉𝒉𝒃𝒃. 
The borders of the area should be at least at 𝟏𝟏𝟎𝟎𝒉𝒉𝒃𝒃 from the point where the roughness is 
estimated. 

5.2.1.2 Wind turbine power determination   

Determination of the annual energy output of a wind turbine at a given site requires 
the power curve of the wind turbine and the wind speed distribution function at the 
turbine hub height on the site [46], [242], [250], [251]. The required wind speed data for 
this calculation are a set of 8760 (the total number of hours in a year) values representing 
the average wind speed, expressed in meters per second for each hour of the year. The 
data are used to calculate the output of a wind turbine for each hour of the year. The two 
important properties that describe a specific wind turbine technology are the blade swept 
area and the power curve. The swept area refers to the circle area created by the blades as 
they sweep through the air and specifies the amount of power that can be captured from 
the available wind on site (Figure  5-1).  

  
Figure  5-1 Wind turbine hub height and swept area 

The power curve depicts the relationship between wind speed and power in the range 
of operation of the wind turbine and describes wind turbine performance with varying 
wind speed [41]. In the determination of the power curve all aspects including blade 
aerodynamics and auto-furling effects, electrical generator, any gearing and the power 
electronics associated with the turbine itself are considered [46], [252], [253]. All wind 
turbines share certain operating characteristics, such as cut-in, rated and cut-out wind 
speeds that are defined as follows:  
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• The cut in speed is the minimum wind speed at which the wind turbine will 
generate usable power.  

• The rated speed is the minimum wind speed at which the wind turbine will 
generate its designated rated power. 

• At very high wind speeds, typically between 20-36 m/s most of the wind 
turbines cease power generation and shut down. The wind speed at which 
shuts down occurs is called the cut-out speed. 

Figure  5-2 displays the power curves of the Norvento nED1003 and FL1004 turbines. 

 
Figure  5-2 Power curves of the Norvento nED100 and FL100 wind turbines 

Table  5-2 International Standard Atmosphere (ISA) conditions 

Variable Value 
Temperature 15 °C 
Pressure 1013.25 hPa 
Air density (𝜌𝜌°) 1.225 kg/m3 
Tropopause height 11,000 m 

The power curve specifies the wind turbine performance under International 
Standard Atmosphere (ISA) temperature and pressure conditions (Table  5-2) [254]. To 
determine the power outputs at a given site, the power values predicted by the power 

curve have to be adjusted. Wind power varies linearly with the air density (𝝆𝝆) [243]. The 
air density ratio (𝝁𝝁) is used to adjust the wind turbine power production, which is the 
ratio of the air density at a given site (𝝆𝝆) to the air density under ISA conditions at sea 
level (𝝆𝝆°). When the output of the wind turbine is calculated at a given site, it is 
multiplied by the air density ratio (𝝁𝝁) [243], [247]. The air density is given by the 
Equation  5-4 which is valid up to 6,000 m of site elevation above the sea level [243]:  

𝝁𝝁 =
𝝆𝝆° − (𝟏𝟏.𝟏𝟏𝟏𝟏𝟏𝟏× 𝟏𝟏𝟎𝟎−𝟏𝟏𝑯𝑯𝒎𝒎)

𝝆𝝆
 Equation  5-4 

Where 𝑯𝑯𝒎𝒎 is the site elevation at the given site in meters. To calculate the power output 
of the wind turbine in time 𝒕𝒕 of the year (in hourly resolution) at the given site, the 

                                                      
3 http://www.norvento.com/ned. 
4 http://en.wind-turbine-models.com/turbines/279-fuhrl-nder-fl-100-astos 
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model takes the wind speed at the anemometer height (𝒑𝒑𝒛𝒛𝒑𝒑𝑴𝑴𝒑𝒑𝒎𝒎,𝒕𝒕) from the wind resource 
dataset and adjusts that to the wind turbine hub height (𝒛𝒛) at the given site by 
Equation  5-2 to calculate 𝒑𝒑𝒛𝒛,𝒕𝒕. Then the calculated wind speed at the wind turbine hub 
height in the given time (𝒑𝒑𝒛𝒛,𝒕𝒕) is applied to the power curve to calculate the power output 
under ISA conditions at the wind turbine hub height. Finally the resulting power output 
is multiplied by the air density ratio (𝝁𝝁) to calculate the actual wind turbine output at the 
given site in the given time (𝑵𝑵𝒘𝒘𝒕𝒕(𝒕𝒕)). To determine the total output of the wind turbine 
over the year at the given site (𝑵𝑵𝒘𝒘𝒕𝒕), the power outputs of the wind turbine for each hour 
of the year (𝒕𝒕) are simply aggregated as shown below: 

𝑵𝑵𝒘𝒘𝒕𝒕 = � 𝑵𝑵𝒘𝒘𝒕𝒕(𝒕𝒕)
𝟖𝟖𝟖𝟖𝟖𝟖𝟎𝟎

𝒕𝒕=𝟏𝟏

 Equation  5-5 

5.2.1.3 The configuration of the wind turbines inside the parcels  

The configuration of the wind turbines inside the parcels depends on the wake effect 
which has a significant implication on their performance. The distribution of wind 
turbines inside the parcels in terms of form or down- and crosswind distances between 
turbines affect their efficiency considerably, which by optimally locating them within the 
parcels, the losses can be reduced considerably. An operating wind turbine reduces the 
wind speed for some distance downwind the rotor which if the turbines are located too 
closely, they will interfere with each other and this can result in the significant drop in 
the outputs of the other turbines in that distance both in the down- and crosswind sides 
[251]. In this research the wind turbines distribution inside the parcels take a matrix 
form. In this form the efficiency of the turbines is proportional to the distance between 
turbines, which is also it is a function of the turbine rotor diameter (𝑫𝑫). In the near-wake 
zone (around 𝟐𝟐 − 𝟑𝟑𝑫𝑫 downwind), the wake increases until the pressure in the wake 
reaches the ambient level. From the near-wake out to approximately 𝟐𝟐 − 𝟖𝟖𝑫𝑫, additional 
turbulence is mainly generated by the radial flow shear, dissipation starts to drain 
turbulent energy and the width of the wake increases and, during this process, the speed 
deficit is reduced [251]. Table  5-3 shows the estimated efficiencies of the square arrays of 
turbines as a function of turbine spacing according to [251].  

Table  5-3 Estimated efficiencies of the square arrays of turbines for different spacing values  

Turbine spacing 4D1 5D 6D 7D 8D 9D 
Array efficiencies (%) 81 87 91 93 95 96 
1Rotor diameter 

5.2.1.4 Spatial and technical conditions for the installation of wind turbines 

As mentioned in the introduction of this chapter, the main objective of the this 
module is examining the spatial and technical conditions of the parcels to allocate 
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distributed renewable energy technologies. Accordingly, in the integration of the wind 
turbine technology into the urban settings, for each parcel, several main issues such as 
noise, safety and visual impact have to be examined (see Section  2.3.1.4 for more details). 
There are numerous detailed regulations in the city, regional and provincial levels that 
attempt to regulate the wind turbine applications in the urban areas. However the overall 
conclusion of these regulations is that the required technical and spatial conditions for 
the allocation of wind turbines are strongly depend on their hub height and rotor blades 
length [242], [243]. In this module, the following conditions will be applied to the 
allocation of wind turbines in the urban areas: 

• Only urban scale wind turbines are considered (i.e. hub height between ~15-
45m). 

• Rooftop mounted wind turbines are not included. 
• Turbines and required infrastructures must not be attached to the buildings. 
• Turbines must be installed on the parcels with minimum un-built area equal 

or higher than the wind turbine swept area. 
• Residential areas are sensitive to the installation of wind turbines. Wind 

turbines have the nuisance of noise, visual, shadow, glare and safety risks. 
Minimum distances equal to 𝟖𝟖𝑫𝑫 for avoiding these nuisances are considered.  

• Wind turbines are allowed to be installed in industrial and agriculture areas. 
• A 𝟏𝟏𝑫𝑫 downwind and 𝟑𝟑𝑫𝑫 crosswind distances are considered as the 

minimum distances between turbines inside parcels to prevent wake effects. 
• The annual average of the noise level as a result of wind turbines must not be 

greater than 47dB in a day. During the night the average noise level cannot 
be higher than 41dB as measured from the closest inhabited area. 

The wind turbine can be allocated to the parcel only if it satisfies all the above-
mentioned requirements (note that these conditions can be changed or adjusted by the 
model user). In general, the model allocates wind turbines to the parcels that have the 
best performance subject to these conditions. 

5.2.2 PV-panels 

Solar energy is one of the best distributed energy generation resources which have the 
least negative impacts on the environment [92]. Solar energy is converted into electricity 
by PV-panels. A solar cell is a basic photovoltaic device that generates direct current 
(DC) when exposing to the sunlight. Solar cells are combined to form modules to obtain 
the desired voltage and current. Modules are compiled to shape the array and meet the 
required power load. The overall PV-panel features are described under the following 
headings: global solar radiation data, determination of the power output of PV-panels 
and spatial and technical conditions for the installation of PV-panels. 
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5.2.2.1 Global solar radiation data  

This section specifies the amount of solar radiation available to the PV-panels 
throughout the year based on the geographic latitude. The latitude specifies the north-
south position of any location on the earth's surface to the Equator and it is the main 
factor in the solar radiation calculations. Latitude is used to calculate the solar radiation 
incident on the either flat or tilted surfaces. In the supply module the solar radiation data 
is the set of 8760 values (the total number of hours in a year) representing the average 
global solar radiation on the horizontal surface for the given latitude, expressed in 
kWh/m2, for each hour of the year. PV-panel power outputs are calculated for each hour 
of the year with this primary data. Global solar radiation is not a constant value and 
changes continuously based on, among others, the location, time of the day, time of the 
year, local landscape and local climatic conditions [243], [255].  

5.2.2.2 PV-panel power determination  

The solar radiation striking the PV-panel surfaces varies over time, according to the 
global, local, spatial, temporal, and meteorological factors. An ideal solar potential model 
has to take all these factors into account [93]. Knowing the amount of incident global 
solar radiation and the surface slope, orientation and area for capturing energy, the solar 
potential of any surface can be calculated [92]. In the supply module Equation  5-6 is 
applied to determine the power output of a PV-panel in time 𝒕𝒕 of the year (in hourly 
resolution) [247], [255]: 

𝑵𝑵𝒑𝒑𝒑𝒑(𝒕𝒕) = 𝑵𝑵𝒑𝒑𝒑𝒑(𝑬𝑬𝑬𝑬𝑪𝑪) 𝒓𝒓𝒑𝒑𝒑𝒑 𝑹𝑹(𝒕𝒕) 𝑨𝑨𝒑𝒑𝒑𝒑 �𝟏𝟏 + 𝜶𝜶𝒑𝒑�𝑬𝑬𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑(𝒕𝒕)− 𝑬𝑬𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑(𝑬𝑬𝑬𝑬𝑪𝑪)�� 𝒑𝒑𝒓𝒓𝒔𝒔 𝜽𝜽(𝒕𝒕) Equation  5-6 

Where 𝑵𝑵𝒑𝒑𝒑𝒑(𝑬𝑬𝑬𝑬𝑪𝑪)(𝒌𝒌𝒌𝒌) is the rated capacity of the PV-panel under STC5, 𝒓𝒓𝒑𝒑𝒑𝒑(%) is the 
PV-panel derating factor, 𝑹𝑹(𝒕𝒕)(𝐤𝐤𝐤𝐤/𝐦𝐦𝟐𝟐) is the global solar radiation incident on the 
horizontal surface of the given latitude at time 𝒕𝒕, 𝑨𝑨𝒑𝒑𝒑𝒑 is the PV-panel area, 𝜶𝜶𝒑𝒑(%/°𝐂𝐂) is 
the temperature coefficient of the PV-panel module, 𝑬𝑬𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑(𝒕𝒕)(°𝑪𝑪) is the PV-cell 
temperature in time 𝒕𝒕, 𝑬𝑬𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑(𝑬𝑬𝑬𝑬𝑪𝑪) is the PV-cell temperature under STC and 𝜽𝜽(𝒕𝒕) is the 
angle of incidence between the solar beam and the PV-panel surface at time 𝒕𝒕. 
Equation  5-7 is also applied to determine the yearly output of the PV-panel (𝑵𝑵𝒑𝒑𝒑𝒑): 

𝑵𝑵𝒑𝒑𝒑𝒑 = � 𝑵𝑵𝒑𝒑𝒑𝒑

𝟖𝟖𝟖𝟖𝟖𝟖𝟎𝟎

𝒕𝒕=𝟏𝟏

(𝒕𝒕) Equation  5-7 

The PV-panel derating factor (𝒓𝒓𝒑𝒑𝒑𝒑) is a scaling factor that applies to the power output 
of the PV-panel to account for reduced output in real world operating conditions 
compared to the conditions under which the PV-panel was rated. Derating factor 

                                                      
5

 Standard Test Conditions determine the PV-panel performance at an incident sunlight of 1000 W/m², a cell temperature of 
25°C  and an air mass of 1.5 (AM1.5). 
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accounts for losses such as soiling of the panels, wiring losses, shading, covering snow 
and aging. The temperature coefficient (𝜶𝜶𝒑𝒑) indicates how strongly the PV-module's 
power output depends on the cell temperature. It is a negative number because power 
output decreases with increasing cell temperature [256]. PV-panel area (𝑨𝑨𝒑𝒑𝒑𝒑) will be 
calculated as follows: 

𝑨𝑨𝒑𝒑𝒑𝒑 = 𝑨𝑨𝒑𝒑𝒓𝒓𝒓𝒓𝒓𝒓 ∗  𝒑𝒑𝒓𝒓𝒓𝒓𝒓𝒓_𝒊𝒊𝑴𝑴𝒔𝒔𝒕𝒕𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒕𝒕𝒊𝒊𝒓𝒓𝑴𝑴_𝒑𝒑𝒓𝒓𝒑𝒑𝒓𝒓𝒓𝒓𝒊𝒊𝒑𝒑𝒊𝒊𝒑𝒑𝑴𝑴𝒕𝒕 Equation  5-8 

Where 𝑨𝑨𝒑𝒑𝒓𝒓𝒓𝒓𝒓𝒓 is a roof area and 𝒑𝒑𝒓𝒓𝒓𝒓𝒓𝒓_𝒊𝒊𝑴𝑴𝒔𝒔𝒕𝒕𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒕𝒕𝒊𝒊𝒓𝒓𝑴𝑴_𝒑𝒑𝒓𝒓𝒑𝒑𝒓𝒓𝒓𝒓𝒊𝒊𝒑𝒑𝒊𝒊𝒑𝒑𝑴𝑴𝒕𝒕  will be determined 
based on the roof types. Based on th e Equation  5-6 two important factors determine the 
output of the PV-panels: the operating temperature of the PV-modules and the angle of 
incidence between the solar beam and PV-panels surfaces [253], [255]. The solar cell 
temperature has a significant influence on the PV-panel production [257]. During the 
night it is the same as the ambient temperature, but in daylight the cell temperature can 
exceed the ambient temperature [255]. The supply module calculates the solar cell 
temperature in each time step, and applies that in calculating the power output of the 
PV-modules. The operating temperature of the PV-modules is determined by the 
equilibrium between the cell temperature (𝑬𝑬𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑) and ambient temperature (𝑬𝑬𝒑𝒑𝒎𝒎𝒃𝒃𝒊𝒊𝒑𝒑𝑴𝑴𝒕𝒕) as 
expressed by the following equation [258]–[260]: 

𝑬𝑬𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑(𝒕𝒕) =  𝟎𝟎.𝟏𝟏𝟏𝟏𝟑𝟑𝑬𝑬𝒑𝒑𝒎𝒎𝒃𝒃𝒊𝒊𝒑𝒑𝑴𝑴𝒕𝒕(𝒕𝒕) + 𝟎𝟎.𝟎𝟎𝟐𝟐𝟖𝟖𝑹𝑹(𝒕𝒕)− 𝟏𝟏.𝟐𝟐𝟐𝟐𝟖𝟖 𝑽𝑽𝒘𝒘(𝒕𝒕) + 𝟏𝟏.𝟑𝟑  Equation  5-9 

Where 𝐕𝐕𝐰𝐰(𝒕𝒕)(𝒎𝒎/𝒔𝒔) is the wind speed at time 𝒕𝒕. 

The second factor is the angle between the beam and collector, i.e. the angle between 
solar radiation and PV-panel surface normal. The raw solar resource data for each time 
step is the amount of solar radiation striking the horizontal surface on earth. But the 
power output of the PV-panel depends on the amount of radiation striking the surface of 
the panel which is not always horizontal. As a result, in each time step, the solar 
radiation incident on the PV-panel surface should be estimated. The orientation of the 
PV-modules can be described using two parameters, a slope and an azimuth. The slope is 
the angle formed between the surface of the panel and the horizontal surface, so the 
slope of zero indicates a horizontal orientation, whereas a 90° slope indicates a vertical 
orientation. The azimuth is the direction towards which the surface faces. There are 
several conventions for the solar azimuth however it is traditionally defined as the angle 
is positive if the line is east of south and negative if it is west of south. Equation  5-10 can 
be utilized to calculate the angle of incidence, meaning the angle between the solar beam 
radiation and the collector normal of a surface with any orientation [242]: 

𝒑𝒑𝒓𝒓𝒔𝒔𝜽𝜽 = (𝑨𝑨 − 𝑩𝑩) 𝒔𝒔𝒊𝒊𝑴𝑴𝜹𝜹 + [𝑪𝑪𝒔𝒔𝒊𝒊𝑴𝑴𝝎𝝎 + (𝑫𝑫 + 𝑬𝑬) 𝒑𝒑𝒓𝒓𝒔𝒔𝝎𝝎]𝒑𝒑𝒓𝒓𝒔𝒔 𝜹𝜹 Equation  5-10 

Where 

𝑨𝑨 =  𝒔𝒔𝒊𝒊𝑴𝑴𝝋𝝋𝒑𝒑𝒓𝒓𝒔𝒔𝜷𝜷  
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𝑩𝑩 =  𝒑𝒑𝒓𝒓𝒔𝒔𝝋𝝋𝒔𝒔𝒊𝒊𝑴𝑴𝜷𝜷𝒑𝒑𝒓𝒓𝒔𝒔𝜸𝜸 
𝑪𝑪 =  𝒔𝒔𝒊𝒊𝑴𝑴𝜷𝜷𝒔𝒔𝒊𝒊𝑴𝑴𝜸𝜸 
𝑫𝑫 =  𝒑𝒑𝒓𝒓𝒔𝒔𝝋𝝋𝒑𝒑𝒓𝒓𝒔𝒔𝜷𝜷 
𝑬𝑬 =  𝒔𝒔𝒊𝒊𝑴𝑴𝝋𝝋𝒔𝒔𝒊𝒊𝑴𝑴𝜷𝜷𝒑𝒑𝒓𝒓𝒔𝒔𝜸𝜸 
𝜽𝜽 is the angle of incidence, 𝝋𝝋 is the solar panel latitude, 𝜷𝜷 is the collector slope, 𝜸𝜸 is the 
surface azimuth angle, 𝝎𝝎 is the solar hour angle and 𝜹𝜹 is the solar declination. The solar 
declination (𝜹𝜹) is the angle between the equator and a line drawn from the center of the 
earth to the center of the sun calculated by Equation  5-11 [242]: 

𝜹𝜹 =  𝜹𝜹° 𝒔𝒔𝒊𝒊𝑴𝑴 �
𝟑𝟑𝟖𝟖𝟎𝟎�𝟐𝟐𝟖𝟖𝟏𝟏+ 𝑴𝑴𝒅𝒅𝒑𝒑𝒅𝒅�

𝟑𝟑𝟖𝟖𝟐𝟐
� Equation  5-11 

Where 𝑴𝑴𝒅𝒅𝒑𝒑𝒅𝒅 is the day in the year (𝑴𝑴𝒅𝒅𝒑𝒑𝒅𝒅 = 𝟏𝟏 on 1 January) and 𝜹𝜹° = 𝟐𝟐𝟑𝟑.𝟏𝟏𝟐𝟐°. The time of 
the day also affects the location of the sun in the sky, which is described by the solar hour 
angle. The solar hour angle is the angle through which the earth has rotated since solar 
noon [261]. Since the earth rotates at 𝟑𝟑𝟖𝟖𝟎𝟎°/𝟐𝟐𝟏𝟏𝟐𝟐 = 𝟏𝟏𝟐𝟐° 𝟐𝟐−𝟏𝟏, the hour angle is given by the 
following equation [242]: 

𝝎𝝎 = �𝟏𝟏𝟐𝟐°𝒉𝒉−𝟏𝟏�(𝒕𝒕𝒔𝒔𝒓𝒓𝒑𝒑𝒑𝒑𝒑𝒑 − 𝟏𝟏𝟐𝟐𝒉𝒉)  Equation  5-12 

Where 𝒕𝒕𝒔𝒔𝒓𝒓𝒑𝒑𝒑𝒑𝒑𝒑 is the local solar time. 𝝎𝝎 is positive in the evening and negative in the 
morning.  

5.2.2.3 Spatial and technical conditions for the installation of PV-panels 

As mentioned in the introduction of this chapter, the main objective of the supply 
module is examining the spatial and technical conditions of the parcels to allocate 
distributed renewable energy technologies. Accordingly, in the integration of PV-panels 
into the urban settings, for each parcel, several issues such as built-up area and roof area 
will be examined. Potential solar radiation as the main determinant of the PV-panel 
power production is the primary factor for identifying the appropriate surfaces for the 
allocation of the PV-panels. Roof areas as one of the best surfaces in the urban 
environment in terms of solar radiation intensity are considered for the allocation of PV-
panels since they can be installed directly on the roofs and do not require additional 
land. Roof areas are also close to the consumption points, therefore electricity losses and 
the transformation cost will be diminished considerably compared to the other urban 
surfaces. In the built environment, potential solar roof radiation is a function of building 
orientation, roof area, roof slope and interaction between buildings and urban 
vegetation. The following conditions will be applied to the PV-panel allocation in the 
urban areas in this module: 

• Only solar roof panels are considered. 
• For the calculation of the potential PV-panel power production only built-

up area of the parcels is taken into account.  
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• The potential power production of PV-panels depends on the roof 
specifications such as area, orientation, slope and solar radiation intensity. 

For the allocation of PV-panels, each of the aforementioned requirements must be 
satisfied (note that these conditions can be changed or adjusted by the model user). In 
general, the model allocates PV-panels to the parcels that have the best performance 
subject to these conditions. 

5.3 Supply module spatial data structure 

Supply module has adopted a data structure based on parcels for the spatial analysis 
and representation of the urban environment (see Section  3.4 for more details about the 
urban energy model framework spatial data structure). In this module each parcel has a 
unique location and identifier. Parcels can have residential, service, industrial, 
transportation and green functions. The buildings are located inside parcels and linked 
to them. Parcels have geometric centers (centroids) which all distance analysis is 
measured from these points. Parcel characteristics are also recorded in their centroids. 
Spatial characteristics such as wind speed and solar radiation that vary continuously over 
the spatial environment are recorded discretely in the centroids. Depending on the type 
of RET that is implemented in the module, respective spatial data layers that are required 
for the power output determination and allocation analysis of the technology will be 
added to the parcel characteristics. For instance, since in this demonstration PV-panels 
and wind turbines are implemented in the module, accordingly the required spatial data 
layers are also added to the model. For PV-panels, solar radiation intensity, roof area, 
roof slope and orientation and temperature and for wind turbines, wind speed, building 
height and roughness coefficient length are specified. The annual electricity usage of 
parcels is obtained from the demand module (Section  3.2). For parcels which contain 
multiple buildings, the total annual electricity usages of all the buildings are considered. 
Table  5-4 shows the list of the parcel characteristics. The main characteristics of the RET 
are also presented in Table  5-5. 

5.4 RET exploitation cost analysis 

In order to generate an optimal configuration of distributed renewable energy 
technologies that minimizes the total exploitation cost of technologies while meets the 
required demand of the study area, the economic analysis of the electricity production of 
renewables is performed. In general, for determination of the optimal configuration of 
distributed RET's according to the economic criteria, two main approaches may be 
possible: maximizing the income or minimizing the exploitation cost per kWh which in 
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this research the latter is employed. For each type of RET's, two main cost components, 
including capital cost and operating and maintenance (O&M) cost are taken into 
account. The capital cost is the total installed cost of the RET at the beginning. The 
following equation is applied to determine the capital cost of the allocated PV-panel and 
wind turbines in each parcel: 

𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑(𝒑𝒑𝒑𝒑) = 𝑨𝑨𝒑𝒑𝒑𝒑 ∗  𝑵𝑵𝑽𝑽_𝒊𝒊𝑴𝑴𝒔𝒔𝒕𝒕𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒕𝒕𝒊𝒊𝒓𝒓𝑴𝑴_𝒑𝒑𝒓𝒓𝒔𝒔𝒕𝒕 Equation  5-13 

𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑(𝒘𝒘𝒕𝒕) = 𝑵𝑵(𝒘𝒘𝒕𝒕) ∗  𝒘𝒘𝒕𝒕_𝒊𝒊𝑴𝑴𝒔𝒔𝒕𝒕𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒕𝒕𝒊𝒊𝒓𝒓𝑴𝑴_𝒑𝒑𝒓𝒓𝒔𝒔𝒕𝒕 Equation  5-14 

Where 𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑(𝒑𝒑𝒑𝒑) and 𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑(𝒘𝒘𝒕𝒕) are the capital costs of the allocated PV-panel and wind 
turbines respectively, 𝑵𝑵𝑽𝑽_𝒊𝒊𝑴𝑴𝒔𝒔𝒕𝒕𝒑𝒑𝒑𝒑𝒑𝒑𝒕𝒕𝒊𝒊𝒓𝒓𝑴𝑴_𝒑𝒑𝒓𝒓𝒔𝒔𝒕𝒕 is the installation cost of the PV-panel per 
square meter, 𝒘𝒘𝒕𝒕_𝒊𝒊𝑴𝑴𝒔𝒔𝒕𝒕𝒑𝒑𝒑𝒑𝒑𝒑𝒕𝒕𝒊𝒊𝒓𝒓𝑴𝑴_𝒑𝒑𝒓𝒓𝒔𝒔𝒕𝒕 is the installation cost of the wind turbine and 𝑵𝑵(𝒘𝒘𝒕𝒕) 

is the number of installable turbines in the parcel which can be calculated as follows: 

𝑵𝑵(𝒘𝒘𝒕𝒕) = 𝑨𝑨𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 𝒔𝒔𝒘𝒘𝒑𝒑𝒑𝒑𝒕𝒕_𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑⁄  Equation  5-15 

Table  5-4 List of the parcel characteristics in the supply module 

Attributes  Value Ref. Eq.  Description 
ID Symbol Integer  A unique ID number to identify parcels 

Function  "String"  Shows the function of the parcel {"residential", "service", "industry", 
"green" and  "transportation"} 

Parcel-area Aparcel Decimal  Equation  5-15 Specifies the total area of the parcel 
Roof-area Aroof Decimal Equation  5-8 Specifies  the total roof area of the parcel 
Roof-type  "String" Equation  5-8 Shows the roof type of the buildings {"flat" and "pitched"} 
Solar-radiation R Decimal  Equation  5-6 Determines the solar radiation on the parcels roof 
Roof-slope β Decimal  Equation  5-10 Specifies the roof slopes 
Roof-orientation γ Decimal  Equation  5-10 Specifies the roof orientation  
Building-height hb Decimal  Equation  5-3 Indicates the building height  
Yearly-demand  d Decimal  Equation  5-19 Determines the annual electricity usage of the parcel 
Surface-roughness z° Decimal  Equation  5-2 Determines the surface roughness of the parcel 
Temperature Tambient List Equation  5-9 Specifies the ambient temperature for each hour of the year 
PV-panel?  Boolean  Specify whether the PV-panel is allowed to be installed in the parcel 
PV-supply-profile  List Equation  5-6 Shows a list containing the hourly supply of the PV-panel in a year 
PV-supply Ppv Decimal  Equation  5-7 Show the yearly electricity supply of the PV-panel  
PV-cost Cpv Decimal  Equation  5-16 Specify the total installation and O&M cost of the PV-panel  
PV-coe COEpv Decimal  Equation  5-18 Shows the generation cost of PV-panels per kWh  
Wind-turbine?  Boolean  Specify whether the turbines are allowed to be installed in the parcel 
Wind-speed-profile  List Equation  5-2 Shows a list containing the hourly wind speed in the parcel in a year 
N-wind-turbine Nwt Integer  Equation  5-15 Shows the number of installable wind turbines in the parcel 
WT-supply-profile  List  Shows a list containing the hourly supply of the turbine in a year 
WT-supply Pwt Decimal  Equation  5-5 Show the yearly electricity supply of the wind turbines in the parcel 

WT-cost Cwt Decimal  Equation  5-16 Specify the total installation and O&M cost of the wind turbines in 
the parcel  

WT-coe COEwt Decimal  Equation  5-18 Shows the generation cost of wind turbines per kWh 

Supply-profile  List Equation  5-20 Shows a list containing the hourly supply of all RET's in the parcel 
in a year 

Supply P Decimal Equation  5-20 Show the yearly electricity supply of the RET in the parcel in a year  

Table  5-5 List of the RET characteristics in the supply module 

Attributes Value Description 
RET-id Integer  A unique ID number to identify RETs 
RET-type {"PV" or “WT”} Shows the RET type  
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The O&M cost is the lifetime operation and maintenance cost of the RET. In this 
research the O&M cost is considered as a regular annual cost (Table  5-6). The economic 
analysis is performed based on the capital and operating cost of technologies since it 
provides a proper cost comparison between different type of RET′s for instance, high 
initial investment cost and low operating cost technologies such as PV-panels against 
low investment cost and high operating cost technologies such as bio-plants. Annual 
interest rate, which is used to convert between one-time costs and annualized costs of 
technologies, and renewables lifetime are also specified. The net present cost (NPC) and 
cost of energy (𝑪𝑪𝑪𝑪𝑬𝑬) are used as the main economic performance indicators for the 
assessment and comparison between RET's. The model ranks the RET's according to 
their (𝑪𝑪𝑪𝑪𝑬𝑬) indicator. The lower the (𝑪𝑪𝑪𝑪𝑬𝑬) is, the better the RET is. The NPC is the 
present value of all the cost components of the technology over its lifetime. It is also 
represents the lifecycle cost. The NPC cost components comprise capital cost and O&M 
cost. The NPC of the RET is calculated by the following equation: 

𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪(𝑹𝑹𝑬𝑬𝑬𝑬) = 𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑(𝑹𝑹𝑬𝑬𝑬𝑬) + (𝑪𝑪𝑪𝑪&𝑴𝑴(𝑹𝑹𝑬𝑬𝑬𝑬) 𝑪𝑪𝑹𝑹𝑪𝑪(𝑰𝑰𝑹𝑹,𝑳𝑳𝑬𝑬(𝑹𝑹𝑬𝑬𝑬𝑬)))⁄  Equation  5-16 

Where 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪𝒕𝒕(𝑹𝑹𝑬𝑬𝑬𝑬) is the RET net present cost, 𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑(𝑹𝑹𝑬𝑬𝑬𝑬) is the RET capital cost, 
𝑪𝑪𝑪𝑪&𝑴𝑴(𝑹𝑹𝑬𝑬𝑬𝑬) is the RET annual operating and maintenance cost, 𝑪𝑪𝑹𝑹𝑪𝑪 is the capital 
recovery factor, 𝑰𝑰𝑹𝑹 is the interest rate and 𝑳𝑳𝑬𝑬(𝑹𝑹𝑬𝑬𝑬𝑬) is the RET lifetime. The capital 
recovery factor (𝑪𝑪𝑹𝑹𝑪𝑪) is a ratio used to calculate the present value of a series of equal 
annual cash flows. The equation for calculating the capital recovery factor is as follows: 

𝑪𝑪𝑹𝑹𝑪𝑪 (𝑰𝑰𝑹𝑹,𝑳𝑳𝑬𝑬) = 𝑰𝑰𝑹𝑹(𝟏𝟏 + 𝑰𝑰𝑹𝑹)𝑳𝑳𝑬𝑬 (𝟏𝟏+ 𝑰𝑰𝑹𝑹)𝑳𝑳𝑬𝑬 − 𝟏𝟏⁄  Equation  5-17 

As mentioned, the main indicator for the cost evaluation of RET's is the 𝑪𝑪𝑪𝑪𝑬𝑬. 
𝑪𝑪𝑪𝑪𝑬𝑬(€/𝐤𝐤𝐤𝐤𝟐𝟐) is the cost per kilowatt hour of the electricity generated by RET. The 
equation for calculating the 𝑪𝑪𝑪𝑪𝑬𝑬 is as follows: 

𝑪𝑪𝑪𝑪𝑬𝑬(𝑹𝑹𝑬𝑬𝑬𝑬) = 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪(𝑹𝑹𝑬𝑬𝑬𝑬) 𝑵𝑵(𝑹𝑹𝑬𝑬𝑬𝑬)⁄  Equation  5-18 

Where 𝑵𝑵(𝑹𝑹𝑬𝑬𝑬𝑬) is the yearly electricity supply of the RET. Table  5-6 shows an example of 
the economic analysis and estimation of the 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪 and 𝑪𝑪𝑪𝑪𝑬𝑬 for the applied RET′s. 

Table  5-6 Example of estimating the CNPC and COE for the PV-panel and wind turbine  
  

Years 
Total 0 1 2 3 4 5 6 7 8 9 10 

aDiscount factor 1 0.943 0.89 0.84 0.792 0.747 0.705 0.665 0.627 0.592 0.558 

PV 
(1kW) 

Ccap (€) 4500 0 0 0 0 0 0 0 0 0 0 4500 
CC&M (€/yr.) 0 47.19 44.47 42 39.61 37.38 35.23 33.23 31.38 29.57 27.9 368 
CNPC (€)            4868 
P (kWh/yr.)  923.7 923.7 923.7 923.7 923.7 923.7 923.7 923.7 923.7 923.7 9237 
COE (€ /kWh)            0.53 

WT 
(100kW) 

Ccap (€) 300,000 0 0 0 0 0 0 0 0 0 0 300,000 
CC&M (€/yr.) 0 943 890 840 792 747 705 665 627 592 558 7,360 
CNPC (€) 

 
          307,360 

P (kWh/yr.)  894,96 894,96 894,96 894,96 894,96 894,96 894,96 894,96 894,96 894,96 894,960 
COE (€ /kWh)            0.34 

a IR=6% and lifetime = 10 years 
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5.5 RET-allocation algorithm 

This section describes how the RET-allocation algorithm works. As mentioned in 
Section  5.1 the main objective of the supply module is examining the spatial and 
technical conditions of the parcels in the urban areas to allocate distributed RET's in 
order to generate an optimal configuration of these technologies that minimizes the total 
exploitation cost while satisfying the technical and spatial constraints and the required 
demand. Allocation models in general refer to the algorithms used to determine an 
optimal location for a number of facilities that will serve specific demands [262]. The 
algorithm assigns facilities while considering constraints such as demand, the number of 
facilities available and cost of allocation. RET-allocation algorithm as a core of the 
supply module evaluates the feasibility of allocating PV-panels and wind turbines to the 
parcels considering parcel spatial specifications, RET technical requirements and 
renewable resource availability. The allocation is performed based on the spatial 
conditions that exist at the parcels where distributed RET′s will be installed and the 
technologies mutual interactions. The extent of the interaction between renewables can 
vary for different land use types. The module finally generates the optimal configuration 
of distributed RET′s that minimize the total exploitation cost while satisfying all the 
constraints to realize the required electricity demand. The supply module is 
implemented on the urban scale and the analysis is performed in hourly resolution over 
a one-year period. The configuration of the generation technologies, which is consists of 
PV-panels and wind turbines is determined by minimizing the generation cost of the 
given demand. Figure  5-3 depicts the RET-allocation algorithm flowchart. The flowchart 
illustrates the main steps of the allocation model.  

As a whole the algorithm composed of three phases which are elaborated in the 
following subsections. 

5.5.1 Phase one: Establishing the environment 

The first phase of the RET-allocation algorithm is the preprocessing phase, which 
establishes the environment and calculates the total annual electricity usage of the study 
area. As mentioned in Section  5.3, a parcel-based data structure is adopted for the spatial 
analysis and representation of the urban environment. Depending on the type of RET 
that is implemented in the module, different spatial data layers are utilized to setup the 
environment (Table  5-4). The RET-allocation analyses are performed based on the 
annual electricity usage of the parcels that are obtained from the demand module (see 
Section  3.2 for more details). For parcels which contain multiple buildings, the total 
annual electricity usages of all buildings are considered. To calculate the total annual 
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electricity usage of the study area (𝒅𝒅𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑 ), the annual electricity usage of the parcels is 
aggregated as follows: 

𝒅𝒅𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑 =  � 𝒅𝒅𝒋𝒋

𝑴𝑴𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒔𝒔

𝒋𝒋=𝟏𝟏

 Equation  5-19 

Where 𝒅𝒅𝒋𝒋(𝒌𝒌𝒌𝒌𝒉𝒉/𝒅𝒅𝒑𝒑. ) is the annual electricity usage of the parcel 𝒋𝒋 and 𝑴𝑴𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒔𝒔 is the 
number of parcels in the study area. 

5.5.2 Phase two: Examining the spatial and technical constraints 

In this phase through the two nested loops, each parcel (𝒋𝒋) for all RET's will be 
examined and if the parcel has the required spatial and technical conditions for the 
allocation of the given 𝑹𝑹𝑬𝑬𝑬𝑬, the following values will be calculated and recorded in the 
parcel: 

• The number of installable 𝑹𝑹𝑬𝑬𝑬𝑬 in the parcel 𝒋𝒋 (𝑵𝑵𝒋𝒋(𝑹𝑹𝑬𝑬𝑬𝑬)) (Equation  5-15) 
• The yearly supply profile of the 𝑹𝑹𝑬𝑬𝑬𝑬 in hourly resolution in the parcel 𝒋𝒋 

(Equation  5-6) 
• The yearly supply of the 𝑹𝑹𝑬𝑬𝑬𝑬 in the parcel 𝒋𝒋 (𝑵𝑵𝒋𝒋(𝑹𝑹𝑬𝑬𝑬𝑬)) (Equation  5-5 and 

Equation  5-7) 

• The cost of energy production of the 𝑹𝑹𝑬𝑬𝑬𝑬 in the parcel 𝒋𝒋 (𝑪𝑪𝑪𝑪𝑬𝑬𝒋𝒋(𝑹𝑹𝑬𝑬𝑬𝑬)) 
(Equation  5-18) 

The following spatial and technical constraints will determine the allocation 
conditions of the RET's in the parcels: 

• Interaction between RET's and the spatial conditions of the parcels 
• Mutual interactions of RET's 

The first aspect will be examined in this phase, however the RET's mutual 
interactions will be considered in the third phase of the RET-allocation algorithm. Each 
type of RET's has its own allocation conditions that should be examined in the allocation 
process. The applied conditions for the allocation of wind turbines and PV-panels in this 
module are explained in Sections  5.2.1.3 and  5.2.2.3, respectively. The spatial conditions 
can vary on different land uses depending on the RET type. As no RET can be allocated 
to the parcels with transportation function, they are excluded from the allocation 
analysis. PV-panels can only be allocated to the parcel containing built-up area. The 
allocation of wind turbines depends on the parcel function, available square meters for 
turbine installation and minimum distance from sensitive areas. To prevent the negative 
effects of wind turbine, including visual, noise and safety in the residential and service 
areas, a minimum distance between the installation site of the wind turbines and parcels 
with those functions is required. The distance depends on the wind turbine 
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specifications such as swept area, rotor diameter and tower height. In this research a 
minimum distance equal to 𝟖𝟖𝑫𝑫 for avoiding these nuisances are considered. These 
preliminary conditions will determine the initial list of parcels for the allocation of the 
RET's in the study area. In the allocation process of the RET's, if a parcel satisfies all the 
above-stated spatial conditions of the specific RET, next the above-mentioned values for 
the given RET in the parcel will be calculated and recorded in the parcel. Detailed 
procedures for the determination of the energy production of the wind turbines and PV-
panels in the parcels were elaborated in Sections  5.2.1 and  5.2.2 respectively. In addition 
the procedure for the calculation of 𝑪𝑪𝑪𝑪𝑬𝑬 was explained in Section  5.4. 

5.5.3 Phase three: RET's allocation 

The third phase of the RET-allocation algorithm is the allocation of RET's based on 
their 𝑪𝑪𝑪𝑪𝑬𝑬 to satisfy the total electricity demand of the study area. In this phase initially a 
sorted list of the spatially qualified parcels to allocate renewables in an ascending order 
based on their cost of energy (𝑪𝑪𝑪𝑪𝑬𝑬𝒋𝒋(𝑹𝑹𝑬𝑬𝑬𝑬)) will be constructed. The allocation process 
starts from the first item on the list, i.e. parcel with the lowest 𝑪𝑪𝑪𝑪𝑬𝑬. Before the allocation 
of the 𝑹𝑹𝑬𝑬𝑬𝑬 to the parcel, the 𝑹𝑹𝑬𝑬𝑬𝑬 interactions with other renewables in the parcel and 
neighboring parcels should be examined. The mutual interaction of RET's with each 
other and other type of RET's are varied and this indicates that for the allocation of 
RET's certain requirements in addition to the local spatial and technical conditions have 
to be realized. The allocated PV-panel has no effect on the performance of other PV-
panels on the neighboring parcels. PV-panels also have no effect on the performance of 
other type of RET's such as wind turbines in the same parcel or neighboring parcels. 
Wind turbines have no effect on the performance of PV-panels in the same parcel or 
neighboring parcels, but to prevent a wind turbine effect (wake effect) on the 
performance of other wind turbines, a minimum distance between them is desirable. The 
distance will be determined by the wind turbine technical specifications such as rotor 
diameter and tower height (For more detail about the wake effect and its effect on the 
configuration of wind turbines inside parcels see Section  5.2.1.3). After satisfying the 
local interactions with the neighboring parcels, the number of allocated technology to 
the parcel (𝑴𝑴𝒋𝒋(𝑹𝑹𝑬𝑬𝑬𝑬) will be calculated and then the yearly supply of the allocated 
technologies to the parcel (𝑵𝑵𝒋𝒋(𝑹𝑹𝑬𝑬𝑬𝑬) is added to the total supply of the study area (𝑵𝑵𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑). 

The total energy supply of the study area in this demonstration is calculated as 
follows:   

𝑵𝑵𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑 =  � (𝑵𝑵𝒋𝒋

𝑴𝑴𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒔𝒔

𝒋𝒋=𝟏𝟏

(𝒑𝒑𝒑𝒑) + 𝑵𝑵𝒋𝒋(𝒘𝒘𝒕𝒕)) Equation  5-20 



104 

 

Where 𝑵𝑵𝒋𝒋(𝒑𝒑𝒑𝒑)(𝒌𝒌𝒌𝒌𝒉𝒉/𝒅𝒅𝒑𝒑. ) is the PV-panel generation in the parcel 𝒋𝒋 and 𝑵𝑵𝒋𝒋(𝒘𝒘𝒕𝒕)(𝒌𝒌𝒌𝒌𝒉𝒉/

𝒅𝒅𝒑𝒑. ) is the generation of wind turbines in the parcel 𝒋𝒋. While the total supply of the 
allocated technologies (𝑵𝑵𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑) is less than the total annual electricity usage of the study 
area (𝒅𝒅𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑 ), the allocation of RET's to the parcels from the sorted list are proceeding.  

Whenever the total supply of the allocated technologies fulfills the total required demand 
of the area (means 𝒅𝒅𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑 ≤ 𝑵𝑵𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑), the allocation process is stopped and the model 
generates the resulting allocation plan. In brief, the RET-allocation algorithm will 
minimize the total 𝑪𝑪𝑪𝑪𝑬𝑬 of the allocation solution subject to the above-mentioned spatial 
and technical constraints to meet the total load demand as follows: 

𝑴𝑴𝒊𝒊𝑴𝑴 𝑪𝑪𝑪𝑪𝑬𝑬 =  � (𝑪𝑪𝑪𝑪𝑬𝑬𝒋𝒋

𝑴𝑴𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒔𝒔

𝒋𝒋=𝟏𝟏

(𝒑𝒑𝒑𝒑) + 𝑪𝑪𝑪𝑪𝑬𝑬𝒋𝒋(𝒘𝒘𝒕𝒕)) Equation  5-21 

Subject to the: 

𝑵𝑵𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑 ≥ 𝒅𝒅𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑 Equation  5-22 

Where 𝑪𝑪𝑪𝑪𝑬𝑬𝒋𝒋(𝒑𝒑𝒑𝒑) and 𝑪𝑪𝑪𝑪𝑬𝑬𝒋𝒋(𝒘𝒘𝒕𝒕) are the cost of energy of PV-panel and wind turbines in 
the parcel 𝒋𝒋 respectively. Equation  5-23 is also applied to calculate the total installation 
and operating cost of the generated plan in the study area:  

𝑪𝑪𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑 = � 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪,𝒋𝒋

𝑴𝑴𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒔𝒔

𝒋𝒋=𝟏𝟏

(𝒑𝒑𝒑𝒑) + 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪,𝒋𝒋(𝒘𝒘𝒕𝒕)  Equation  5-23 

Where 𝑪𝑪𝒕𝒕𝒓𝒓𝒕𝒕𝒑𝒑𝒑𝒑 is the total net present cost of all technologies in the generated plan, 
𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪,𝒋𝒋(𝒑𝒑𝒑𝒑) is the total net present cost of PV-panel in the parcel 𝒋𝒋 and 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪,𝒋𝒋(𝒘𝒘𝒕𝒕) is the 
total net present cost of wind turbines in the parcel 𝒋𝒋.  

The RET-allocation algorithm generates an optimal configuration of distributed RET's 
that minimize the total exploitation cost while satisfying the technical and spatial 
constraints and meet the required demand. The configuration of the generated 
configuration plans in this demonstration consists of PV-panels and wind turbines. As 
noted above, the algorithm is independent of the type of RET and works for different 
type of RET's with adjustable settings. Depend on the user preferences, new technologies 
can be added to the model. The allocation conditions and settings of the distributed 
RET's are also adjustable and help the users to investigate how the RET configurations 
are affected by the changes in the model settings.  

Another premise that has been considered in the designing the proposed algorithm is 
that it is not meant for a detailed evaluation of energy production of one particular RET 
type, but rather to establish a general methodology to study different types of 
technologies in relatively large areas, such as urban district.  
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Figure  5-3 RET-allocation algorithm flow chart; (1) Preprocessing phase, (2) Spatial and technical 
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Table  5-7 Adjustable GUI input variables and outputs of the supply module 

Inputs Unit Descriptions  Outputs Unit Descriptions 
Show-roofs? 
Show-parcels?  A switch to display or hide the roof 

maps or parcels 
 Number of parcels  Indicates the number of 

parcels in the study area 

Altitude  m Indicates the altitude of the study 
area   

 Total area  m2 Shows  the total area  

Latitude and 
Longitude  Indicates the geographical 

coordination of the study area   
 Total roof area  m2 Shows the total area of the 

roof area in the study area 
Anemometer 
height  m Determine the anemometer height 

for measuring the wind speed 
 Total energy 

demand  kWh/yr. Indicates the total energy 
demand of the study area 

Anemometer 
surface 
roughness 

 Indicates the terrain roughness at 
the anemometer installation site   

 Average early 
demand  kWh/yr. Shows the average early 

electricity demand 

Interest rate  % Indicate the yearly interest rate    Total supply kWh/yr. Indicates the total potential  
supply of the study area 

PV? or WT?  A switch for inclusion or exclusion of 
the RET's in the allocation process 

 Supply fraction  % The supply fraction of the 
total demand 

PV or WT 
rated capacity  kW Indicates the PV-panel and WT 

rated capacity 

 
Total cost € 

Shows the total installation 
and operating cost of the 
study area 

Derating factor  % Specifies the PV-panels derating 
factor 

 Cost of energy  €/kWh Indicates the cost per kilowatt 
electricity  

Temperature 
coefficient  %/°C Determines the temperature 

coefficient of the PV-panels 
 Total PV-panel or 

WT supply   kWh/yr. Shows the total PV-panels  or 
WT supply  

PV and WT 
lifetime  yr. Indicates the PV-panel  and WT 

lifetime 
 The number of  PV-

panels or WT  Number of parcels with PV 
panels or WT 

PV-panel cost 
per square 
meter  

€/m2 Determines the PV-panel cost per 
square meter 

 Total PV-panel or 
WT cost  € Shows the total installation 

and operating cost 

PV O&M cost  € Determines the PV-panels O&M 
cost  

 Total PV-panel 
area  m2 Indicates the total PV-panel 

area 
Installation 
area coefficient  % Indicates the PV-panel installation 

area coefficient 
 PV-panel or WT 

capacity factor  % Shows the PV-panel and WT 
capacity factor 

PV and WT 
subsidy  % Indicates the PV-panel or WT 

subsidies  
 PV-panel or WT 

fraction  % The PV-panel or WT supply 
fraction of the total demand 

Rotor diameter 
and hub height m Determines the WT rotor diameter 

and hub height 

 PV-panel or WT 
COE  €/kWh 

Indicates the PV-panel or 
WT cost per kilowatt 
electricity 

WT swept area  m2 Specifies the WT swept area  Excess electricity  kWh/yr. Indicates the total excess 
electricity in the study area 

WT capital 
cost  €/kW Determines the WT installation cost   Unmet electricity 

load  kWh/yr. Shows the total unmet 
electricity load  

WT O&M cost  € Determines the WT O&M cost  RET-supply profile 
plots kWh Shows the supply profile of 

PV-panels and WT 

5.6 Implementation of the supply module  

For the implementation of the supply module, Netlogo is used. Netlogo is a software 
application that provides facilities to programmers for software development. It is a 
programmable integrated development environment (IDE) for simulating natural and 
social phenomena and particularly well suited for modelling complex systems [263]. 
Netlogo provides a reliable platform for design, implementation and visualization of the 
spatial models and allows modelers to focus on building models, rather than building 
basic tools and procedures necessary to develop a computer simulation model [264]–
[266]. All GIS operations are carried out with the vector-based spatial analysis tools, 
FME® Version 2014-build 14235 and QGIS version 2.0.1. FME is utilized for data 
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transformation and translation and QGIS is applied to store, retrieve, manage, display 
and rather preliminary analyses of geographical and spatial data. Figure  6-14 shows the 
graphical user interface (GUI) of the supply module and the embedded sliders, switches, 
and input boxes for adjustment of the input variables and running the model. The list of 
the adjustable input parameters and outputs of the supply module is also presented in 
Table  5-7 

5.7 Case study area and related meteorological data sets 

The supply module is implemented on the urban scale and for the demonstration 
purpose; it will be applied to the district in the north of the Eindhoven municipality in 
the Netherlands. The district is located within the latitude and longitude of 51° 26′ N, 
5° 29′ 0″ E with an average altitude of 22m. Its area is approximately 1338086m2 that is 
composed of 1480 parcels. The built-up area occupies 16.8% of the total area. 71% (1035 
parcels) of the roofs in the district are pitched and the remainder is flat. While 85% (1296 
parcels) of the parcels are residential, 0.8% are service and 0.6% are industrial. The total 
yearly electricity demand of the study area is around 9452659kWh/yr. The yearly 
electricity use profile and average yearly use per parcel is obtained from demand module. 
The meteorological data of the study area is obtained from the KNMI6 [267]. The 
detailed spatial and technical characteristic of the Eindhoven KNMI station can be found 
at [267]. All the data have been collected for the period between 1 January 2014 and 31 
December 2014. A short description of each dataset is as follows:  

• Global solar radiation dataset: The main input data for the determination of 
the power output of PV-panels is the global solar radiation data set that is in 
hourly resolution (including 8760 data values, one for each hour of the year) 
and expressed in kWh/m2. It represents the hourly radiation on the 
horizontal surface at the installation site. The annual average solar radiation 
in the study area is 2.819kWh/m2/day.  

• Solar radiation intensity map: The total amount of solar radiation on a 
specific location has been estimated for the whole year using ArcGIS 
software. This software estimates the solar insolation based on a 
hemispherical view shed algorithm developed by [219] and improved by 
[220]. The solar radiation intensity map on the building roofs are generated 
and applied in the module (see Section  4.3.3 and Appendix C for more 
details).  

                                                      
6

 Koninklijk Nederlands Meteorologisch Instituut 
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• Ambient temperature profile: The ambient temperature profile is applied in 
hourly resolution to calculate the cell temperature at each hour of the year.  

• Wind speed dataset: The wind speed dataset is a wind speed measured at the 
standard anemometer height (The standard anemometer height in open 
terrain is 10 meters) and represents the average wind speed in meters per 
second, for each hour of the year. The Eindhoven KNMI station wind speed 
is utilized in this research that its annual average is 3.54m/s. The Eindhoven 
KNMI station is located on an open landscape with flat grass that according 
to the Table  5-1 its effective terrain roughness is 0.03. 

• The height of buildings: The height of buildings, roof slope and roof 
orientation are extracted from the LIDAR point cloud maps (The extraction 
procedure is explained in detail in Appendix C). 

5.8 Results and discussion 

In this section a practical application of the supply module has been carried out 
based on the real world data for multiple scenarios. As mentioned in Section  5.2 the 
focus of this research is on the distributed RET's that are spatially and technically feasible 
for the application in urban areas including roof mounted photovoltaic panels and 
urban-scale wind turbines that are positioned in urban areas adjacent to the built 
environment. In this section these technologies are implemented in the supply module as 
a source of electrical energy production. Four scenarios based on the different 
technological configurations and resource assumptions are conducted and the results are 
compared. In this section the scenarios are presented and for each of them, the energy 
and economic indicators are calculated. Table  5-8 displays the detailed specifications of 
the adopted PV-panel and wind turbine technologies for the subsequent applications. 
The reference wind turbine adopted for this demonstration is a 𝑴𝑴𝑬𝑬𝑫𝑫𝟏𝟏𝟎𝟎𝟎𝟎 wind turbine 
with a hub height (𝒛𝒛) of 24.5m and a rotor diameter (𝑫𝑫) of 22m. Wind turbines with a 
typical hub height of between 20-40m and low noise emission and visual pollution are an 
appropriate option for applications in the urban areas. Industrial area, shopping centers, 
farms and green area close to the residential areas are examples of the suitable locations 
where urban-scale wind turbine can contribute to on-site energy generation. The 
calculation of the annual energy supply of a wind turbine at a given location requires the 
power curve of the turbine and the hourly profile of the wind speed at the hub height at 
the site [251]. Figure  5-4 displays the power curve and annual energy production of the 
𝑴𝑴𝑬𝑬𝑫𝑫𝟏𝟏𝟎𝟎𝟎𝟎 wind turbine for different average wind speed at wind turbine hub height. 

As mentioned the distances between wind turbines in the parcels are proportional to 
the rotor diameter (𝑫𝑫). In this demonstration as mentioned in Section  5.2.1.4 a 𝟏𝟏𝑫𝑫 
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downwind distance and 𝟑𝟑𝑫𝑫 crosswind distance as the minimum distances between wind 
turbines inside the parcels are considered. The adopted wind turbine has a hub height of 
24.5m and a rotor diameter of 22m which means the distance between wind turbines in 
the downwind direction is 88m and in the crosswind is 66m. Once the wind 
configuration has been determined, the wind turbines are allocated to the parcels 
following the selected matrix form until these areas are filled out with wind turbines. The 
total capital cost of wind turbines is more than just the cost of the turbines themselves. It 
includes the wind turbines cost (74%), electrical equipment and grid connection cost 
(12%) and civil work (14%) cost [251]. Wind turbine capital cost varies from 2200 €/kW 
to 1800€/kW for turbines smaller than 1MW to turbines bigger than 2.5MW [251], 
[268]. RET's O&M cost is also a significant cost source. The wind turbine maintenance 
costs include routine checks, periodic maintenance, periodic testing and blade cleaning, 
among others [251]. Berkeley Lab has collected O&M cost data of 133 installed wind 
turbine projects for a period between 1982 and 2010. The  results show that the average 
O&M cost represented 3% of the capital cost [251], [269]. This percentage is also 
adopted in this study. 6% is considered as an annual interest rate and 𝑪𝑪𝑪𝑪𝑬𝑬 of scenarios 
are calculated based on the renewables lifetime. 

Table  5-8 Technical specifications of the adopted PV-panel and wind turbine 

Wind turbine PV panel 
Description Unit Specification Ref. Eq. Description  Unit Specification Ref. Eq. 

Manufacturer  Norvento 
Enerxía  Manufacturer  Yingli Green 

Energy  

Model type  Norvento nED 
100  Model type  YL245P-29b  

Rated-power  kW 100 Equation  5-1 Nominal-efficiency  % 15.0  

Rotor-diameter  m 22  PV module power 
output at STCa  W 150  Equation  5-6 

Hub-height  m 24.5  Equation  5-2 
PV module power 
output  under at 
NOCTb 

W 109  

Swept-area  m² 346.0  Equation  5-15 Nominal operating 
cell temperature   ˚C 47   

Average wind 
speed  m/s 7.5   Temperature-

coefficient  %/˚C -0.45  Equation  5-6 

Max wind gust 
speed  m/s 52.5   Derating-factor  % 20 Equation  5-6 

Lifetime yr. 20  Equation  5-16 Roof-installation 
coefficient  % 70 Equation  5-8 

Cut-in wind 
speed  m/s 2.5   Operating -

temperature range  ˚C -40 to 90   

Cut-out wind 
speed  m/s 20.0   Dimensions  mm 1650 × 990 × 40   

Rated wind speed  m/s 15.0   Lifetime yr. 20 Equation  5-16 
wt-installation-
cost 

€ 
/kW 2200  Equation  5-14 PV-installation-

costc   € /m2 450  Equation  5-13 

O&M-cost  3% of capital 
cost Equation  5-16 O&M-cost  € /m2 1% of capital cost Equation  5-16 

b Nominal operating cell temperature (open-circuit module operation temperature at 800W/m2 radiance, 20°C ambient temperature, 1m/s wind speed.) 
c Capital cost, including mounting, control system, wiring and installation costs 
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 Figure  5-4  (Left) nED100 power curve in the ISA conditions, (Right) Annual energy production for 

different yearly average wind speed in the ISA conditions 

As noted, in this demonstration four scenarios are conducted based on the different 
configurations of RET's. In the first scenario, only PV-panels are included in the RET-
allocation process and it is assumed that the electricity demand of the study area will 
entirely be supplied by solar energy. The PV-panels allocation is performed based on the 
spatial and technical conditions presented in Section  5.2.2.3 and the technical 
specifications given in Table  5-8. Table  5-9 shows the outputs for this scenario. The total 
PV-panels supply in this scenario is 9453179kWh/yr. that indicates that PV-panels fulfil 
the total electricity demand of the study area. The 𝑪𝑪𝑪𝑪𝑬𝑬  of the generated solution is 
0.176€/kWh. Figure  5-5 displays the generated electricity plan for the study area. In this 
plan PV-panels are allocated to the residential, service and industrial parcels based on 
the scenario settings. In 94.76% of the parcels with built-up area PV-panels are allocated. 

Table  5-9 Outputs of the PV-panel application in the study area (scenario I) 

Indicators PV panels Total 
RET ***  
Number of allocated parcels 1248  
Total PV-panel area (m2) 53338  
Total net present cost (€) 33345204 33345204 
PV-panel capacity factor (%) 13.488  
COE (€/kWh) 0.176 0. 176 
Electricity production (kWh/year) 9453179 9453179 
Total electricity demand (kWh/year)  9452659 
Fraction of total demand (%) 100.01 100.01 
Excess electricity (kWh/year)  520 

In the scenario II it is assumed that the electricity demand of the study area is 
supplied by the wind turbines. In this scenario, wind turbines are allocated to the parcels 
and distributed in the parcel based on the parcel size and distribution configurations. 
The wind turbine allocation is performed based on the spatial and technical conditions 
presented in Section  5.2.1.4 and the technical specifications given in Table  5-8. The 
outputs of this scenario are demonstrated in Table  5-10. The total electricity production 
of the wind turbines in the study area is 4822179kWh/yr., around 51.01% of the total 
annual electricity usage of the study area. Average 𝑪𝑪𝑪𝑪𝑬𝑬 (0.142€/kWh) of this scenario 
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shows that the wind turbine production cost is relatively lower than PV-panels 
production cost. This also indicates that although the total demand of the area cannot be 
satisfied by the wind turbines, however the 𝑪𝑪𝑪𝑪𝑬𝑬 is still lower than PV-panel application. 
Figure  5-5 displays the generated electricity plan for the study area. In this plan based on 
the scenario settings and technology options, the wind turbines are allocated to the non-
residential parcels (mostly green parcels) with the given distance from the residential 
parcels. As demonstrated in the map wind turbines are allocated to the parcels following 
the selected matrix configuration until the parcel areas are filled out with wind turbines.  

Table  5-10 Outputs of the wind turbine application in the study area (scenario II) 

Indicators Wind turbines Total 
RET ***  
Number of parcels with allocated RET 7  
Annual average wind speed (m/s) 3.54   
Number of wind turbines 58  
Total net present cost (€) 13738008 13738008 
WT capacity factor (%) 9.491  
COE (€/kWh) 0.142 0.142 
Electricity supply (kWh/year) 4822179 4822179 
Total electricity demand (kWh/year)  9452659 
Fraction of total demand (%) 51.01 51.01 
Excess electricity (kWh/year)  -4630480 

The up-scaled annual average of the wind speed is used in the scenario III. The 
assumption of this scenario is similar to the scenario II, except the annual average of the 
wind speed is replaced by the 5m/s instead of 3.54m/s. As indicated in Section  5.2.1.1, 
wind speed is the most important factor when addressing the operation of the wind 
turbines and the output power is proportional to the cube of the wind speed. Therefore, 
we expect that small variations in the wind speed should have a significant impact on the 
wind turbine performance. In this scenario to create the scaled data, each of the 8760 
base-case values is multiplied by the factor that results from the division of the scaled 
annual average by the base-case annual average value. The up-scaled data holds the 
shape and statistical characteristics of the base-case data, but differ in magnitude [247]. 
The outputs of this scenario are demonstrated in Table  5-11. The total electricity 
production of the wind turbines in the study area in this scenario is 9452419kWh/yr., 
equal to the total annual electricity usage of the area. Comparing the average 𝑪𝑪𝑪𝑪𝑬𝑬 
(0.057€/kWh) of this scenario with the previous scenario (0.14€/kWh) reveals a 
significant drop in the generation cost which corroborates the high sensitivity of the 
wind turbine production to the wind speed. Figure  5-5 displays the generated electricity 
plan for the study area in this scenario. In this plan also based on the scenario settings 
and technology options, the wind turbines are allocated to the non-residential parcels 
with specified minimum distance from the residential buildings. As demonstrated wind 
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turbines are allocated to the parcels following the selected matrix configuration to fill out 
the parcel with wind turbines.  

Table  5-11 Outputs of the wind turbine application for the scaled wind speed data in the study area 
(scenario III) 

Indicators Wind turbines Total 
RET ***  
Number of parcels with allocated RET 5  
Annual average wind speed (m/s) 5  
Number of wind turbines 47  
Total net present cost (€) 11132524 11132524 
WT capacity factor  (%) 23.457  
COE (€/kWh) 0.058 0.058 
Electricity supply (kWh/year) 9657906 9657906 
Total electricity demand (kWh/year)  9452659 
Fraction of total demand (%) 102.17 102.17 
Excess electricity (%)  205247 

The last scenario (IV) is a mixed configuration of wind turbines and PV-panels. In 
this scenario, wind turbines and PV-panels are allocated to the study area based on the 
spatial and technical requirements presented in Sections  5.2.1.4 and  5.2.2.3 respectively. 
The technical specifications of the technologies are also given in the Table  5-8. The 
outputs of the mixed configuration scenario are presented in the Table  5-12. The results 
show that the mixed scenario satisfies the total annual electricity usage of the area. As 
expected, most of the potential capacities of wind turbines (99.96%) are allocated as their 
average 𝑪𝑪𝑪𝑪𝑬𝑬 are significantly lower than the PV-panels average 𝑪𝑪𝑪𝑪𝑬𝑬. The 𝑪𝑪𝑪𝑪𝑬𝑬 of this 
scenario (0.140€/kWh) also shows that the mix configuration of RET's is more 
economical compared to the scenario I and scenario II to fulfil the total demand of the 
study area. Figure  5-5 displays the generated electricity plan for the study area. In this 
plan based on the scenario settings and technology options, PV-panels are allocated to 
the parcels with suitable roof areas, whereas wind turbines are allocated to the non-
residential parcels with specified minimum distance to the residential parcels. As 
demonstrated wind turbines are allocated to the parcels following the selected matrix 
configuration to fill out the parcel with wind turbines.  

Table  5-12 Outputs of the mixed configuration of PV-panels and wind turbine in the study area 
(scenario IV) 

Indicators PV panels Wind turbines Total 
RET *** ***  
Number of parcels with allocated RET 496 7  
Total PV panel area (m2) 18782   
Number of wind turbines  58  
Total net present cost (€) 12749389 13738008 26487397 
Capacity factor (%) 14.988 9.491  
COE (€/kWh) 0.138 0.142 0.14 
Electricity supply (kWh/year) 4635137 4822179 9457316 
Total electricity demand (kWh/year)   9452659 
Fraction of total demand (%) 49.01 50.99 100.05 
Excess electricity (kWh/year)   4657 
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Figure  5-5 Generated optimal configuration plans of RET's for the study area; (a) scenario I, (b) 
scenario II, (c) scenario III and (d) scenario IV 

The total annual electricity generation profiles of the RET's in the study area for all 
scenarios in hourly resolution are shown in Figure  5-6. The graphs show the 
compatibility of the electricity generation profiles with the availability of renewable 
resources, including solar radiation and wind power during the year. The daily and 
yearly fluctuations of electricity production of RET's are demonstrated in the graphs. 
Table  5-13 also compares the average 𝑪𝑪𝑪𝑪𝑬𝑬 of the scenarios. As it shows the difference 
between scenario I with other scenarios are significant. This indicates that in the current 
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situation, even with the low annual average of the wind speed, without substantial 
subsidy programs, PV-panels cannot compete with the wind turbines. 

a

b 

c 

d

Figure  5-6 Annual electricity generation profile of the scenarios in hourly resolution; (a) scenario I, 
(b) scenario II, (c) scenario III, (d) scenario IV 

Table  5-13 Average COE of the conducted scenarios 

Scenario I Scenario II Scenario III Scenario IV 
Average cost of energy (€/kWh) 0.176 0.142 0.058 0.140 
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5.9 Conclusions  

This chapter presented the design process of the supply module as the second 
component of the urban energy model framework. The main objective of this module 
was examining the spatial and technical conditions of the parcels in the urban area to 
allocate distributed RET's in order to generate an optimal configuration of these 
technologies that minimizes the total exploitation cost while satisfying the technical and 
spatial constraints and the required demand towards electricity neutral areas. As shown 
each type of distributed RET's has its own installation conditions which in urban 
environments, should be optimized based on the local conditions in order to suit the 
needs of the area. Thus, in this chapter a model was developed which integrates analyses 
of how distributed RET's can be installed, what spatial and energy implications may have 
and what will be their financial outcomes. Tow urban scale distributed RET's including 
PV-panel and wind turbine were implemented in the module. The module evaluated 
their allocation in the urban areas while considering the spatial conditions of the parcels, 
technical requirements of the implemented technologies and renewable resource 
availability. The allocation analysis was performed based on the spatial conditions that 
exist at the locations where distributed RET's are installed and their mutual interactions. 
The module finally generated the optimal configuration of distributed RET′s that 
minimize the total exploitation cost while satisfying all constraints to realize the required 
electricity demand. The supply module was implemented on the urban scale and parcel-
based data structure was applied for the spatial representation of the environment. The 
allocation analysis was performed in hourly resolution over a one-year period. The 
configuration of the generation technologies, which was consists of PV-panels and wind 
turbines was fully adjustable. Finally, four scenarios based on the different technology 
types and technical assumptions were conducted and the results were compared. As 
mentioned the configuration of the module was fully adjustable. This provides deep 
insight to the model users regarding the connection between the performance of the 
distributed RET′s and different spatial, environmental and technical assumptions that 
finally help planners to make appropriate decisions about the allocation of distributed 
RET's. Later the model will be extended to examine the effect of different energy policy 
tools on the promotion of distributed RET's from spatial and economic perspectives 
in  CHAPTER 8. In the next chapter the energy storage technologies are integrated with 
the urban energy model framework and the effects of introducing these technologies as a 
balancing medium on the renewable-based urban energy system will be investigated. 
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  CHAPTER 6
Storage Module 

6.1 Introduction 

This chapter presents the design process of the storage module as the third 
component of the urban energy model framework (presented in Section  3.2). The main 
objective of this module is developing a heuristic optimization model to analyze the 
deployment of energy storage technologies (EST's1) on the urban level to balance the 
demand and supply profiles through these technologies and generate an optimal energy 
storage solution for the study area. Decentralized application of RET's in the urban 
environment in the form of wind turbines and PV-panels applications lead to the growth 
in penetration of renewable sources. However, most of the these sources have 
intermittent and random nature as they entirely depend on the weather conditions and 
seasonal or diurnal variations [10], [11]. As a result generated renewable energy cannot 
be dispatched consistently and if renewable electricity is not stored, it must be utilized as 
soon as it is generated [187]. Figure  6-1 and Figure  6-2 depict the yearly and weekly 
electricity generation profiles in the study area (see Section  5.8 for more details) in 
hourly resolution. The graphs show the compatibility of the renewable generation with 
the availability of renewable resources, including solar radiation and wind power during 
the generation period. The yearly (Figure  6-1) and daily (Figure  6-2) fluctuations in the 
RET's productions can be seen in the graphs. Moreover, on the demand side, the 
electricity usage also shows a highly volatile behavior (see Section  4.5 for more details). 
On a daily basis, often during peak hours electricity usage, highly increases and there are 
periods that the consumption drops to the minimum level (Figure  6-2). In addition to 
the daily variability, electricity usage has also weekly and seasonal fluctuations; for 
instance, between weekdays and weekends (Figure  4-11 and Figure  6-2), and summer 
and winter (Figure  4-13 and Figure  6-1). These inconsistencies both in generation and 
consumption lead to the immense load mismatch between demand and supply sides of 
the urban energy system that creates a large amount of surplus and shortage of electricity  

                                                      
1 Throughout this chapter the terms "electrical energy storage technologies", "energy storage systems" and "storage systems"  are 

used interchangeably to describe the "energy storage technologies". 
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that can be mitigated to a certain extent by provision of backup from electrical energy 
storage technologies [12]. 

 
Figure  6-1 Annual electricity generation profiles of PV-panels and wind turbines and electricity usage 

profile of the study area in hourly resolution (Fluctuation of the production and consumption profiles 
during the year 2014) 

 
Figure  6-2 Weekly electricity generation profiles of PV-panels and wind turbines and electricity usage 

profile of the study area in hourly resolution  (Fluctuation of the production and consumption profiles 
during the first week of 2014) 

 
Figure  6-3 Weekly electricity generation, consumption and storage profiles in the study area for the 

first week of 2014 

EST's have the capacity to absorb the variability of the renewable energy resources, 
and allow renewable power to be dispatched smoothly to the demand side [133]. Energy 
storage refers to a process of converting electricity from a power grid into a form that 
can be stored for converting back to electricity when required, which has numerous 
applications including - among others - stationary energy resources and transport 
vehicles that can provide benefits by reducing the peak loads [134]. Storage systems can 
also add flexibility to the electricity system and help to control the increasing peak loads 
in demand side instead of traditional approach to upgrade the current power 
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transmission line which is often uneconomic [10], [270]. Energy storage systems have 
been developed in various types and scales and traditionally their main functions are: 
stabilizing the grid, levelling the load, shaving peak hours, and enhancing the reliability 
of renewable energy system. The potential of integrating EST's into the urban energy 
system as a supporting medium to maximize the capacity of the RET's have been 
investigated by researchers in recent years (see Section  2.5 for more detailed reviews of 
the existing literature on the application of EST's in the built environment). While some 
of these studies have examined the roles of main EST's which is currently used [187], a 
large part of the literature focus on the integration of storage technologies in the built 
environment. [10] studied the technological and economic performance of a lead-acid 
battery and hydrogen storage technology into a PV-panel generation system of a single 
household in the UK. [271] developed a techno-economic and social evaluation model 
applied to the commercial building to estimate the power capacity, techno-economic 
feasibility and social benefits of EST's. [156] also proposed a techno-economic model on 
the building level for the design of a grid connected PV-panel system that is integrated 
with the electricity storage system, in which the demand is fulfilled through the 
renewable system and local grid as a backup source. As shown (and discussed in greater 
detail in Section  2.5), although a considerable amount of literature has examined the 
integration of storage systems into the built environment, however, the application is 
mostly constrained to the building level applications and little attention has been paid to 
the application of these technologies on the urban scale. The development of EST's in the 
urban level, which has been introduced in the USA or Germany, has also demonstrated 
that by deploying the storage systems at the higher level, collectively more benefit can be 
achieved. In such a context, the storage module as a third component of the urban 
energy model framework is developed to investigate the feasibility of integrating the 
EST's into the built environment on the urban level and examine their spatial, energy 
and economic effects. In this module the energy storage model is developed in which the 
simulated annealing (SA) algorithm is utilized as an optimization approach to 
investigate how storage technology will be deployed in urban level and what spatial, 
energy and economic implications they have. In this module also the parcel based data 
model is adopted to structure the spatial environment. The parcel characteristics, 
including location, function, demand profile and supply profile are specified. Parcels 
interact with their neighboring parcels in order to maximize their benefit while taking 
into account the spatial and technical constraints. The SA optimization algorithm 
guarantees that the system will not be trapped in local maximums. Finally, the module 
generates the optimal storage solution for the study area and visualizes the connections 
between parcels and locations where storage systems are installed. 
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This chapter is structured as follows: after a brief introduction in Section  6.1, 
Section  6.2 describes the major existing EST's that can be applied in the built 
environment. Section  6.3 describes the main characteristics of the electrical storage 
systems. Section  6.4  investigates the integration of EST's in the renewable based energy 
systems. In Section  6.5 the spatial data structure of the module and the parcel 
characteristics will be presented. Section  6.6 describes the design process of the SA 
optimization model as the core of the storage module. Section  6.7 explains the 
implementation of the module. In Section  6.8 the case study and associated datasets will 
be described. Storage scenarios are introduced in Section  6.9. Results are presented and 
discussed in Sections  6.10 and  6.11 respectively. At the end the conclusion summarizes 
the major findings of the chapter in Section  6.12. 

6.2 Energy storage technologies 

The energy storage technology can be defined as any installation or method that can 
store excess energy which is generated by the system and dispatch it to the system when 
there is a shortage of energy. According to this definition, energy storage can be utilized 
in two different states: charge, and discharge [147]. In each of these states a balance 
between supply and demand in the system must be maintained so that the system can 
operate reliably [147]. Different EST's coexist because their characteristics make them 
attractive for different applications [147]. Therefore, in this section existing major EST's 
that can be applied in the urban environment will be introduced. Our particular focus is 
mostly on the technologies that are spatially and technically feasible for installation in 
urban areas. In the following subsections, these technologies and their spatial and 
technical requirements will be briefly explained. 

6.2.1 Classification of energy storage technologies 

There are two main types of EST's, electrical or thermal. As this research is only 
focused on the renewable electricity generation in urban areas, accordingly here 
the focus is only on the electrical energy storage and thermal storage systems are not 
considered. Although electrical energy storage technology (hereafter briefly referred to 
as energy storage technology) includes a broad range of technologies, however [147] 
distinguish three basic methods to store electricity:  

• Electrochemical systems, including batteries and flow-cells that derive 
electrical energy from chemical reactions. 

• Kinetic energy storage technologies such as flywheel which transfers electrical 
energy into rotational energy of a massive rotor rotating with very high 
speed.  
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• Potential energy storage technologies, mostly in the form of pumped hydro
and compressed air storage.

Alternatively, [272] classified major types of EST's based on four principles: 
mechanical, chemical, thermal and electrical. Electrical energy storage can also be 
achieved in the forms of electrostatics, such as capacitors and super capacitors, or 
magnetic storage, including super conducting magnetic energy storage (SMES) [272]. In 
SMES energy is stored in a magnetic field created by a flow of direct current in a super 
conducting coil [143], [146]. 

6.2.2 Electrical energy storage technologies 

There are various types of electrical storage systems currently available in the market 
or being researched or developed. The most commonly used and promising technologies 
will be introduced in this section briefly in terms of technical design, characteristics and 
scope of application.  

6.2.2.1 Pumped hydro energy storage system 

During off-peak hours electricity is used to pump water from a lower reservoir to 
another at a higher elevation for storage and in peak hours and other times that 
electricity is needed, water is released from the upper reservoir through a hydroelectric 
turbine to generate electricity and compensate the shortage of demand [272], [273]. Two 
major drawbacks of pumped hydro energy storage system (PHS) are, firstly long 
construction time and secondly the scarcity of the available sites for the construction of 
reservoirs at different heights [147]. PHS is a mature technology and has been widely 
applied in over the world with more than 300 systems operating. It has a lifetime of 
around 30-50 years, with a round trip efficiency of 70-85%. The response time is 
considered as “fast” (less than 1 min) while the low energy density requires massive civil 
works to construct the basin for a large body of water. According to [145] PHS is 
accounted for 99% of the total installed storage capacity for electrical energy all over the 
world.  

6.2.2.2 Compressed air energy storage system 

Compressed air energy storage (CAES) technology is based on the storage of energy 
as the elastic potential of compressed air [272]. The operation of CAES is similar to PHS 
except for the fact that CAES uses compressed air to store the energy. During the off-
peak/low-cost hours, the plant generator provides mechanical energy needed by air 
compressors to store compressed air in underground reservoir. During the peak hours 
the turbine uses the compressed air combined with natural gas to turn the generator and 
produce the electricity [147]. Like PHS the main challenge to build a CAES system is to 
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find an appropriate site to construct the air storage infrastructure. In general, there are 
three types of reservoirs: naturally occurring aquifers, solution-mined salt caverns, and 
mechanically form reservoirs in rock formations [274]. CAES is not a mature technology 
and has been realized with a limited number of plants. The CAES lifetime is estimated 
around 40 years with an efficiency between 41% and 54% [145]. Both PHS and CAES are 
suitable for large scale power storage applications, although the environmental impacts 
and capital cost of CAES is significantly lower than PHS [147]. 

6.2.2.3 Micro CAES system 

To tackle the problem of CASE reservoir, the micro CAES system has been designed 
in which the air is stored in smaller tanks over the earth's surface. In micro CAES the air 
compression and expansion is closer to isothermal than to adiabatic processes in large-
scale CAES systems [275]. In this way, water or other liquids have to be injected during 
expansion. After that, the gas-liquid mixture is led to a separator and the fluid is again 
re-circulated and used to satisfy cooling loads [275]. A micro CAES has various 
advantages over traditional CASE. Firstly, the building of micro CAES plant is 
independent of geographic features of the installation site since no cavern beneath the 
earth is required. Furthermore, micro CAES is a fast installable technology that has a 
higher efficiency (up to 80%) and is more reliable. It needs lower investment and 
maintenance cost and has lower environmental impacts [145].  

6.2.2.4 Flywheel energy storage system 

Flywheel energy storage (FES) store energy in the rotational mass of a flywheel as 
kinetic energy and release out upon demand [147]. To reduce friction, the mass rotates 
between two magnetic bearings and the entire structure is placed in a vacuum [147]. 
Although FES has a number of advantages such as high efficiency, high number of 
charge/discharge cycles, fast response time and no environmental concerns, it shows 
numerous drawbacks [147]. Flywheels are relatively poor energy density and large 
standby losses, and cannot store energy for the long-term. Additionally, due to the 
precision engineering the cost to construct a flywheel is significantly high [147]. 
Currently, this technology is mostly deployed for demonstration purposes. 

6.2.2.5 Battery energy storage system 

Batteries are electrochemical systems that store and release power through chemical 
reactions [276]. There are different types of batteries in the market and the main 
difference between them is the materials used as electrodes and electrolyte, which 
determine their specific characteristics [147]. The major battery types that are either in 
use or potentially suitable for grid scale applications include [138]: 



123 

 

• Lead-acid battery: It is a mature technology which is considered as the most 
widely used electrical energy storage technology worldwide [272]. Lead-acid 
battery consists of a lead cathode with sulfuric acid that acts as the 
electrolyte [147], [274]. There are two types of lead-acid battery: (i) Flooded 
batteries, which are the most common design, and valve-regulated batteries 
which are in research and development stage [147]. Lead-acid battery has a 
number of advantages such as low cost ($300–$600/kWh), high reliability 
and efficiency (70-90%) [147]. However, it shows also several drawbacks 
such as short cycle life (100–1000 cycles), high maintenance requirements, 
and capacity drop at low temperature [272]. 

• Nickel-based battery: A mature technology, initially deployed at appliance 
level [146], the Nickel-based battery family consist of the positive electrode 
made from nickel hydroxide and the negative electrode made of materials 
such as cadmium hydroxide in NiCd batteries, zinc hydroxide in NiZn 
batteries and metal alloy in NiMH batteries [147]. It offers advantages such 
as higher energy density, lower maintenance requirements and better cycle 
life compared to Pb-acid batteries. However it has higher investment cost 
than lead-acid batteries ($450–$1000/kWh) and contain toxic components 
making them environmentally challenging [272]. 

• Sodium-sulfur battery (NaS): This is a high-temperature battery, with a 
operating temperature of the cell in the region of 300–350˚C [143], [146]. In 
this battery instead of using metal as electrodes liquid sulfur and liquid 
sodium are utilized as positive and negative electrodes separated by a solid 
beta alumina electrolyte [134], [143]. Its advantages include high energy 
density (400kWh/m3), long cycle capability (2000-4500 cycles), millisecond 
response time and 99% recyclability [145]. The disadvantage of NaS batteries 
are their high investment cost ($700–$2000/kWh) high self-discharge per 
day and high temperature requirements for operations [147], [272].  

• Lithium-based battery: Highly utilized in the market for small appliances 
[146], this technology has not yet been deployed for storage in the context of 
renewable based power system [274]. The main advantages over NiCd and 
lead-acid batteries are higher energy density and efficiency, lower self-
discharge rate and extremely low maintenance requirements. Major 
disadvantages are high investment cost ($700-$3000/kWh), short lifetime 
and high flammability [139].  

6.2.2.6 Hydrogen storage systems (with fuel cells) 

Hydrogen can be deployed as storage medium for electricity [146]. A hydrogen fuel 
cell uses hydrogen and oxygen to produce electricity which its essential components 
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includes an electrolyzer unit, the hydrogen storage system and a hydrogen energy 
conversion [138]. Hydrogen fuel cells possess several advantages, including high energy 
density, applicability at small and large scale and long life cycle. On the other hand, a 
HES system is currently expensive and suffers from a very low round trip efficiency (20-
50%) [147]. 

6.2.2.7 Flow battery energy storage system 

 Flow batteries are relatively new systems that are similar to the conventional 
batteries except for the fact that the charge and discharge process happens between the 
two liquid electrolytes of the battery that are contained in separate tanks [147]. During 
the operation electrolytes are pumped through the electro-chemical reactor, in which a 
chemical Redox reaction takes place and electricity is generated [147]. With the high 
energy and power density, flow batteries are highly capable to be scaled and upgraded for 
the large applications, however this technology has a high investment cost and it is still 
immature for grid applications [272].  

6.2.2.8 Superconducting magnetic energy storage system 

A superconducting magnetic energy storage (SMES) system applies the magnetic 
field to store electrical energy [272]. The key element of a SMES system is the coil made 
of super conducting cables of nearly zero resistance, generally made of Niobium-
Titanium (NbTi) filament that operate at very low temperature (-270oC) [147]. SMES is a 
high power technology with higher power density than other storage technologies. Its 
main advantages are high efficiency, durability and reliability, short response times, no 
self-discharge and low maintenance however it is currently expensive, with impact of the 
magnetic field and large parasitic energy losses [146], [272].  

6.3 Characteristics of the electrical energy storage technologies 

EST's can be distinguished by their principle of storing energy. However, in order to 
evaluate the practical applications of the available technologies in the market, several 
aspects have to be considered. There is no perfect technology for storage, which means 
that any solution has to take the best advantage of a given technology or find a best 
combination [146]. [146] have distinguished six aspects that should be taken into 
account when evaluating EST's: efficiency, durability, reliability, response time, energy 
and power density and energy and power capacity. Efficiency refers to the percentage of 
energy loss when the storage gives it back to the system. Losses often occur in the 
systems due to the physical and transitional processes while systems which can store 
electricity directly are believed to have a very high efficiency. While the storage 
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durability depends on the number of charge/discharge cycles, reliability is the probability 
that a storage technology performing its intended function under specified requirements 
[146]. Response time concerns the speed with which the energy has to be released or 
absorbed. Energy and power density determines the weight and the size of a given 
storage technology. The power density (W/kg or W/liter) can be defined as the rated 
output power of the storage system divided by its volume and the energy density (Wh/kg 
or Wh/liter) is determined by dividing  the stored energy in storage device by its volume 
[147]. A distinction has been proposed between technologies that provide power and 
deliver electricity for short periods such as seconds or minutes of power for frequency 
control, and those which provide energy and deliver electricity for longer periods and 
later uses within days or weeks, for load balancing and peak shaving, thus mostly a 
combination of several storage technologies with different applications is required for a 
reliable and cost-effective storage solution [146]. For examining the feasibility of 
integrating EST's into the built environment, [145] consider a list of 20 indicators such 
as, among others, operating temperature, spatial requirement, investment, power and 
energy cost, maintenance requirements, technical maturity and environmental impact. 
In order to determine the most appropriate storage technique for each type of 
application [137] propose that within each field of application, a number of 
characteristics are more important. For instance, for low-power permanent applications, 
the critical feature is a low self-discharge while for power-quality control applications, a 
quick response time, high power and cycling capacity are essential. Also, while for a 
small system with a few kWh integrated with intermittent RET, the key element is the 
system autonomy (which indicates the maximum amount of time the system can 
continually release energy), a large system used for load levelling requires a high energy 
capacity with lower cost [137]. Table  6-1 summarizes the available data on efficiency, 
storage capacity, energy density, capital investment costs, response time, lifetime in 
years, charge time, maturity and environmental impacts of each electrical energy storage 
technology based on literature data [138], [187], [272], [273]. As Table  6-1 shows PHS 
and CAES have the lowest storage cost per kilowatt hour, however, they are expensive to 
build with long construction time that only suitable for large scales. These technologies 
also have low energy density and typically result in long transmission distances [272]. On 
the other hand fuel cells have the highest energy density, however, with the largest 
capital cost. To provide a balanced and reliable electricity power supply and to maximize 
the efficiency of the system, it is necessary to deploy several storage technologies with 
different storage strategies such as power management, load shifting and leveling and 
standby reserve as each has a different requirements and demands different storage 
systems [147], [272]. Load shifting application involves storing energy at off-peak hours 
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to use at peak demand periods [187]. With the current technology batteries are the most 
commonly used technology to load shifting due to the relatively low costs and high 
capacity [272]. Standby reserve is an important energy management application that can 
be utilized when the main power generating source become unavailable. For this 
application an ideal technology should have large storage capacity and the ability to 
operate for days without interruption [272]. PHS and CAES are the ideal options for this 
application, however, fuel cells and high temperature batteries will likely be appropriate 
in the near future [272]. Some technologies such as batteries are suitable for more than 
one application as they are fast responding and can operate for hours that is making 
them appropriate for power management, load shifting [147]. 

Table  6-1 Comparison of the technical characteristics of the electrical storage technologies  
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0.5-1.5 600 100 Fast  40-60 Hours Mature Large 

CAES 40-80 5-400 30-60 800 50 Fast 20-40 Hours Commercial Large 
Micro 
CASE 

50-85 3-15  2000 100 Fast 20-40 Hours Developed Moderate 

Flywheel 93-95 0.25 10-30 350 5000 Very 
fast 

~15 Minutes Demonstration Benign 

Pb-acid  70-90 0-40 30-50 300 400 Fast 5-20 Hours Mature Moderate 
Ni-Cd  60-65 0-40 50-75 1500 1500 Fast 10-20 Hours Commercial Moderate 
Na-S  80-90 0.05-8 150-240 3000 500 Fast 10-20 Hours Commercial Moderate 
Li-ion  85-90 0.1 75-200 4000 2500 Fast 5-20 Hours Demonstration Moderate 
Fuel cells 20-50 0-50 800-

10000 
10000  Good 5-15 Hours Developing Small 

Flow 
battery 

75-85 0.3-15 10-50 1500 1000 Very 
fast 

5-15 Hours Developing Moderate 

Capacitors 60-65 0.05 0.05-5 400 1000 Very 
fast 

~5 Seconds Developed Small 

Super-
capacitors 

90-95 0.3 2.5-15 300 2000 Very 
fast 

20+ Seconds Developed Small 

SMES 95-98 0.1-10 0.5-5 300 10000 Very 
fast 

20+ Minutes Demonstration Moderate 

6.4 Energy storage integration with the renewable-based energy system  

Renewable energy sources such as wind and solar energy are not load-following 
because of their intermittency and the random nature as they entirely depend on the 
weather conditions and diurnal variations [10], [11], therefore the integration of storage 
systems into the renewable-based energy system is expected to reduce the impacts of the 
intermittency and facilitate a higher penetration of renewable electricity [187]. In a 
renewable-based energy system, storage technologies have a wide range of applications. 
Table  6-2 [146], [147], [273] shows an overview of the major applications, current and 
potential storage options for each application and their specifications. 
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Table  6-2 Overview of the current and potential storage technology options for major applications in 
the renewable-based energy system 

Application Description 
Application 
characteristics  

Current and potential storage system options 

Load-following 
Provides a buffer or absorbing power 
to balance short-term variations 
between generation and load 

Up to hundreds of MW, 
short response time, 
duration (minutes to a few 
hours) 

Current: batteries, flow batteries and SMES 
Potential: fuel cells 

Time-shifting 
Storing electrical energy when it is 
less expensive and using it during 
peak demand periods 

1–100 MW, short response 
time, discharge duration 
(3–12 h) 

Current: PHS, CAES and batteries 
Potential: flow batteries, solar fuels and fuel cells  

Peak-shaving 
Using energy stored at off-peak 
periods to compensate power 
generation during peak hours 

100 kW-100 MW, short  
response time, discharge 
duration (hour level) 

Current: PHS, CAES and batteries  
Potential: flow batteries, solar fuels and fuel cells 

Seasonal-storage 
Storing energy in the time frame of 
months, with large seasonal 
variations  

30-500 MW, long term 
discharge duration  short 
response time  

Current: PHS, TES and fuel cells 
Potential: large-scale CAES and solar fuels 

Power-quality-
management 

Reducing the disturbances in the 
grid, such as flicker effects and 
voltage sags 

Up to 100 MW, short  
response time, discharge 
duration (hours-days) 

Current: Large (PHS, CAES, TES); small 
(batteries and flow batteries)  
Potential: flywheels, fuel cells 

Back-up  
100 kW-40 MW, short 
response time, discharge 
duration (up to days) 

Current: batteries and flow batteries 
Potential: PHS, CAES, solar fuels, and fuel cells 

In recent years, electricity storage systems have been integrated with the large scale 
renewable based energy systems to store surplus electricity and stabilize the grid. The 
total power capacity of most of those systems were dozens of MW such as the Chinese 
Zhangbei National Wind and PV Energy Storage Project2 with rated capacities up to 
36MW or the Japanese Rokkasho-Futamata Wind Farm3 with a 34MW energy storage 
system for load levelling and providing an amount of 238MWh at the full capacity. A 
number of projects serve as frequency regulators to release a large amount of energy 
within a very quick time to stabilize the grid. One example is the Beacon Power 
Stephentown Advanced Energy Storage4 in the USA which utilizes 200 high-speed 
Beacon flywheels to generate 20MW with a 4 second response time. The common factor 
of these projects is the use of electrochemical batteries such as Lithium-ion and NaS 
batteries in a very large scale to take advantage of economy of scale. On a smaller scale, 
storage technologies have been implemented inside buildings with energy capacity varies 
from few hundreds of kWh to more than 1MW. For instance, SustainX5 – an energy 
solution developer has recently announced the installation of the world's first megawatt-
scale isothermal compressed air energy storage to support for their headquarters in 
Seabrook, New Hampshire, USA. In 2013, Community Energy Storage6 has been 

                                                      
2http://www.cleanenergyactionproject.com/CleanEnergyActionProject/CS.Zhangbei_National_Energy_Storage_Project_Energ

y_Storage_Case_Study.html 
3http://www.cleanenergyactionproject.com/CleanEnergyActionProject/CS.Rokkasho-

Futamata_Wind_Farm_Energy_Storage_Case_Study.html 
4http://www.cleanenergyactionproject.com/CleanEnergyActionProject/CS.Beacon_Power_Stephentown_Advanced_Energy_St

o rage_Energy_Storage_Case_Study.html 
5 http://www.sustainx.com/technology-isothermal-caes.htm 
6

 http://www.ecamion.com/portfolio/ces/ 
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installed in Ontario, Canada to store electricity and provide back for 150 residential 
buildings in the event of shortage. This system utilizes Lithium iron phosphate batteries 
to reach to 250kWh in energy and 500kW in power capacity. Especially, the size of the 
whole system is just as small as 3019mm×2408mm×1686mm which is highly convenient 
for installing. For a wider spread of storage systems into higher spatial scales, more 
research to improve the reliability and safety and reduce the cost should be carried out. 
Energy companies are now attempting to reduce the cost as much as possible. For 
instance, AMBRI7 – a metal liquid battery developed in the laboratory of MIT- has 
recently announced the reduction in storage cost to only $400-500 per kWh.  

As noted above, the integration of storage technologies into the renewable-based 
energy system has been realized in recent years; however, the systematic evaluation and 
their economic feasibility are still the key challenges that hinder the promotion and 
deployment of them at the grid level. Accordingly, in this research by examining the 
deployment of storage technologies at the grid level, we demonstrate that by deploying 
storage technologies at the urban scale collectively more benefit can be achieved. 

 
Figure  6-4 Integration of the storage technologies with the renewable-based energy systems at the 

urban level 

6.5 Storage module spatial data structure 

Parcel-based data structure is adopted for the spatial analysis and representation of 
the urban environment in the storage module (see Section  3.4 for more details about the 
spatial data structure of the proposed framework). In this module each parcel has a 
unique location and identifier. Parcels have residential, service, industrial, transportation 

                                                      
7

 http://www.ambri.com/technology/ 
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and green functions. The buildings are located inside parcels and linked to them. Parcels 
have geometric centers (centroids) which all distance analysis is measured from these 
points. Depending on the type of EST's that is implemented in the module, respective 
spatial data layers that are required for the storage deployment analysis will be added to 
the parcel characteristics. Table  6-3 shows the list of the parcel characteristics in this 
module. In storage module a parcel with green function is called green-parcel which 
specifies the locations that are suitable for the installation of the high scale EST's. Storage 
module includes storage technologies and their links to the buildings. Table  6-4 shows 
their main characteristics. In order to establish the simulation environment, the module 
has access to the external datasets including demand and supply profiles of the parcels. 
The annual electricity usage load profile of the parcels is obtained from the demand 
module (see Section  3.2 for more details). The annual electricity generation profile of the 
parcels is obtained from the supply module (see Section  3.2 for more details). For parcels 
containing multiple buildings, the total annual electricity usage of all the buildings on 
the parcel is considered. 

Table  6-3 List of the parcel characteristics in the storage module 

Attributes Value Description 
Parcel-ID Integer A unique ID number to identify parcels 

Function “String” 
Shows the function of the parcel {"residential", "service", "industry", "green" and  
"transportation"} 

Group-id Integer Parcels that are sharing a storage technology are assigned a same group-id number. When a 
parcel leaves its group, the value of the group-id also changes 

Demand-profile List Shows a list containing the hourly electricity usage profile of the parcel in a year 
Supply-profile List Shows a list containing the hourly supply of all RET's in the parcel in a year 

Parcel-surplus List Shows a list containing the hourly surplus electricity of the parcel in a year calculated by 
subtracting the supply-profile from the demand - profile. 

Storage-type Integer Specify the type of storage technology that currently is installed in the parcel 
Storage-installed   

Near-a-green-parcel? Boolean This attribute has a binary value, meaning that for every parcel it has only two states: close 
or far from green parcels 

Street “String” Specify the name of the street where the parcel is located 
Number Integer Specify the building address number which is located on the parcel 

Table  6-4 List of the storage technology and link characteristics in the storage module 

Storage Parcels in one group connect to the shared storage technology, which is installed in the nearest green parcel 
Attributes Value Description 
Storage-ID Integer A unique ID number to identify storage technologies 
Number-of-
connectors 

Integer  Determines how many parcels are connected to this storage technology 

Technology Integer Specifies the type of storage technology  
Stored-energy Decimal Specifies how much energy stored in the storage from the connected parcels  

Links 
The links indicate connections between parcels and storage technologies. In this module links only exist 
between parcels of the same group and parcels and the storage technology that they are sharing. The links only 
show the visual representation of the conditions and do not have any other property or implication 

Attributes Value Description 
Link-id Integer A unique ID number to identify links 
Storage-types Integer Specify the type of storage that the link is connected to it 
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6.6 Module design 

To determine the best storage solution for the study area on the urban level an urban 
energy storage optimization model (hereafter referred as storage model) is designed that 
considers technical feasibility, spatial requirements and investment cost of the storage 
systems. The storage model investigates the feasibility of integrating the storage 
technologies into the urban built environment on the urban level and examining their 
spatial, energy and economic effects. The storage model can consider various types of 
storage systems when buildings in the urban area are able to utilize them collectively to 
acquire optimal energy and economic benefits. The core of the storage model is an 
optimization algorithm consists of the objective function and spatial and technical 
constraints. Three categories of variables are taken into account in developing the 
storage model, including the spatial management (area to install storage technologies 
and distance between buildings and storage technologies), the economic assessment and 
the technical aspects (energy and power capacity of the storage systems and supply-
demand profile of the parcels). In the following subsections, the design process of the 
storage model is explained in detail. 

6.6.1 System architecture 

The reference diagrams for the building and urban scale applications of storage 
technologies that are integrated with the renewable-based energy system are presented in 
the Figure  6-5. These schemas illustrate the operation of the integrated renewable-based 
energy system which is integrated with the storage system and demand loads as well as 
the energy flow directions between them. The building scale structure is adopted from 
[156] however, it is adjusted to embrace the urban scale application of storage 
technologies. The system integrates the supply system, the storage system equipped with 
the required electric conversion devices and demand loads. These systems support the 
renewable-based energy system to store surplus energy when unusable energy is 
generated and dispatch to the system when there is a shortage. Figure  6-5 (a) illustrates 
the operation of the storage technology when it is integrated with the single building and 
Figure  6-5 (b) shows the operation of a shared storage technology when it is integrated 
with multiple buildings. The following equation determines the physical constraints of 
the storage technology for each hour of the year: 

𝑲𝑲𝒔𝒔𝒕𝒕
𝒎𝒎𝒊𝒊𝑴𝑴  ≤  𝑬𝑬𝑪𝑪𝑪𝑪𝒔𝒔𝒕𝒕,𝒉𝒉  ≤  𝑲𝑲𝒔𝒔𝒕𝒕

𝒎𝒎𝒑𝒑𝑴𝑴 Equation  6-1 

This equation indicates that the hourly state of charge of the storage technology 
(𝑬𝑬𝑪𝑪𝑪𝑪𝒔𝒔𝒕𝒕,𝒉𝒉), cannot exceed the maximum capacity (𝑲𝑲𝒔𝒔𝒕𝒕

𝒎𝒎𝒑𝒑𝑴𝑴), and it should be higher than the 
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minimum capacity (𝑲𝑲𝒔𝒔𝒕𝒕
𝒎𝒎𝒊𝒊𝑴𝑴), defined by the maximum allowable depth of discharge 

(𝑫𝑫𝑪𝑪𝑫𝑫), as given  by the following equation [156]:   

𝑲𝑲𝒔𝒔𝒕𝒕
𝒎𝒎𝒊𝒊𝑴𝑴  =  (𝟏𝟏 − 𝑫𝑫𝑪𝑪𝑫𝑫) × 𝑲𝑲𝒔𝒔𝒕𝒕

𝒎𝒎𝒑𝒑𝑴𝑴 Equation  6-2 

The 𝑫𝑫𝑪𝑪𝑫𝑫 value defines the minimum level of discharge of the storage technology, which 
below that the storage system cannot operate. In the given systems the hourly energy 
demand is supplied by the supply system or energy stored in the storage technology. The 
supply system meets the load demand and if there is any energy surplus, it is dispatched 
to the storage system. During the period of the shortage, storage system supplies the 
energy shortage of the system until its state of charge reaches the minimum level.  
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Figure  6-5 Reference diagrams for demonstrating the operation of the renewable-based energy 
system integrated with storage systems; (top) on the building level bottom) shared storage system for 

multiple buildings on the urban level 

6.6.2 Estimating the hourly stored and released energy by the storage systems 

Table  6-5 demonstrates the list of the variables that are used for modelling the 
operation of the storage system at both building and urban levels and estimating their 
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hourly stored and released energy. Based on the given variables, the algorithm to 
calculate the hourly stored and released energy by each storage technology is proposed.  

Table  6-5 List of the variables that are used to calculate the stored and released energy by storage 
technologies implemented in the energy storage calculation algorithm 

Variables Units Values Descriptions 

Surplus/Shortage 
profile kWh List 

A list containing the hourly surplus electricity of the parcel or parcels in a year 
calculated by subtracting the supply-profile from the demand – profile. 
If supply is lower than demand, shortage of electricity will occur and electricity from 
the storage technology is required. If the supply is higher than demand, surplus of 
electricity is generated and dispatched to charge the storage technology. 

Storage energy 
capacity 

kWh Decimal Determines the maximum electricity stored in the storage technology 

Storage power 
capacity 

kW Decimal Determines how much electricity the storage can receive per hour at maximum level 

DOD  % Decimal Depth of Discharge specifies what percentage of the storage capacity can be utilized 

Figure  6-6 shows the main steps of the proposed algorithm, that calculates the hourly 
energy flow in and out of the storage system and its hourly state of charge. The algorithm 
shows the electric power which flows between supply system, storage technologies and 
loads for each hour of the year. The amounts of electricity dispatches into and out of 
(shared-) storage technologies will be determined by the following factors: 

• First, it depends on the surplus/shortage profile of the building(s) that is 
connected to the storage. In this research surplus/shortage profile is in the 
form of a dataset of 8760 values that represent the yearly surplus/shortage 
profile in hourly resolution. When multiple buildings are sharing a storage 
technology, their surplus/shortage profiles are added and summarized to a 
single surplus/shortage profile representing the whole group. For each 
member of the surplus/shortage profile when the value is positive it indicates 
a surplus of energy (supply is higher than demand) in that hour, which 
transmitted to the storage and when it is negative it shows the shortage of 
energy (the demand is higher than supply) in that hour that should be 
compensated by the storage technology. 

• Second, the amounts of stored energy depend on the energy and power 
capacities of the storage technology. Energy capacity determines the 
maximum amount of energy that a storage can contain and power capacity 
determines the maximum energy that a storage can receive per hour. Due to 
the limited energy capacity of the storage, once the total capacity of the 
storage is filled, the storage ceases to store energy. Also, due to the power 
capacity limitation, during the supply peak hours only a portion of the 
supply can be stored. The same happens when the storage is discharging. In 
this research, power capacity is used as a threshold for both charging and 
discharging processes.  
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Set t = 1
Set storage energy = 0

t ≤ 8760 ?

Calculate surplus energy (SE) at position t of the list:
SE(t) = Supply (t) – Demand (t)

SE > 0

SE ≥ Power 
capacity

SoC (t) = SoC (t - 1) + (Power Capacity / Energy Capacity) SOC (t) = SOC (t - 1) - (Power Capacity / Energy Capacity)

Update SoC:
SoC (t) = SoC (t - 1) + (SE / Energy Capacity)

SoC < SOCmax Set SoC (t) = SOCmax Set SoC (t) = SOCmin SoC ≥ SOCmin

Set change = SoC (t) – SoC (t - 1)

Change > 0

Update stored energy:
Stored Energy = Store Energy + (Change × Energy Capacity)

Move to the next position of the list:
Set t = t + 1

Yes

No

Stop
export the stored energy

No
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SE ≥ Power 
capacity

No (Storage is discharged)

Yes (Storage is 
charged)
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Yes

No
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YesYes
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Figure  6-6 Flowchart of the applied algorithm to calculate the hourly stored or released energy by the 
energy storage technologies on the both building and urban levels 

• The last constraint is the storage depth of discharge which is expressed as a
percentage of the maximum storage capacity. State of charge is related to the
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depth of discharge (Equation  6-3) and indicates the current energy state of 
the storage. The following equation describes their relationship: 

𝑬𝑬𝑪𝑪𝑪𝑪𝒉𝒉 = 𝟏𝟏𝟎𝟎𝟎𝟎%−𝑫𝑫𝑪𝑪𝑫𝑫𝒉𝒉 Equation  6-3 
Where 𝑬𝑬𝑪𝑪𝑪𝑪𝒉𝒉 is always between 𝑬𝑬𝑪𝑪𝑪𝑪𝒎𝒎𝒊𝒊𝑴𝑴 and 𝑬𝑬𝑪𝑪𝑪𝑪𝒎𝒎𝒑𝒑𝑴𝑴.  

In short, for each hour of the year, depending on the surplus/shortage profile and 
power and energy capacity of the storage system, energy dispatch into or out of the 
storage and changes the storage 𝑬𝑬𝑪𝑪𝑪𝑪𝒉𝒉. Once the 𝑬𝑬𝑪𝑪𝑪𝑪 for each hour of the year is 
determined, the total stored or released energy can be retrieved. Figure  6-6 shows the 
detailed process of how these variables are deployed to estimate the stored and released 
energy by the storage technologies. 

6.6.3 Storage model objective function 

The equation to calculate the benefit of the storage 𝒊𝒊 (storage 𝒊𝒊 can be connected to a 
single building or be shared between a group of buildings) is given as follows: 

𝒃𝒃𝒊𝒊 = 𝑵𝑵 × 𝑬𝑬𝒊𝒊 × 𝑳𝑳𝑬𝑬𝒊𝒊 − 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪,𝒊𝒊 Equation  6-4 

Where 𝒃𝒃𝒊𝒊(€) is the benefit generated by storage 𝒊𝒊, 𝑵𝑵 (€/𝒌𝒌𝒌𝒌𝒉𝒉)  is the electricity price 
(electricity-price), 𝑬𝑬𝒊𝒊 (𝒌𝒌𝒌𝒌𝒉𝒉) is the yearly stored energy by storage 𝒊𝒊, 𝑳𝑳𝑬𝑬𝒊𝒊 (𝒅𝒅𝒑𝒑. ) is the 
storage lifecycle and 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪,𝒊𝒊  is the storage net present cost. The 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪 is the present value 
of all the cost components of the storage technology over its lifetime. The 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪 cost 
components comprise capital cost and O&M cost. The 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪 is calculated by using the 
following equation:  

𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪 = 𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑 +  (𝑪𝑪𝑪𝑪&𝑴𝑴 𝑪𝑪𝑹𝑹𝑪𝑪(𝑰𝑰𝑹𝑹,𝑳𝑳𝑬𝑬))⁄  Equation  6-5 

Where 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪 is the net present cost of the storage, 𝑪𝑪𝒑𝒑𝒑𝒑𝒑𝒑 is the capital cost of the storage, 
𝑪𝑪𝑪𝑪&𝑴𝑴 is the annual O&M cost of the storage, 𝑪𝑪𝑹𝑹𝑪𝑪 is the capital recovery factor and 𝑰𝑰𝑹𝑹 is 
the annual interest rate. The capital recovery factor (𝑪𝑪𝑹𝑹𝑪𝑪) is a ratio used to calculate the 
present value of a series of equal annual cash flows (see Section  5.4 for more details). 
Equation  6-4 indicates that the main determinant of the storage model objective 
function is the amount of energy stored in the storage technology calculated in 
Section  6.6.2. For any storage solution or configuration of storage technologies in the 
study area, the total benefit of all installed storage technologies is calculated by 
aggregation the storage technologies. The storage optimization model maximizes the 𝑩𝑩 
value for the study area as follows: 

𝑴𝑴𝒑𝒑𝑴𝑴 𝑩𝑩 =  � (𝑵𝑵 × 𝑬𝑬𝒊𝒊 × 𝑳𝑳𝑬𝑬𝒊𝒊 − 𝑪𝑪𝑵𝑵𝑵𝑵𝑪𝑪,𝒊𝒊)

𝑴𝑴𝒔𝒔𝒕𝒕𝒓𝒓𝒑𝒑𝒑𝒑𝒈𝒈𝒑𝒑

𝒊𝒊=𝟏𝟏

 Equation  6-6 

Where 𝑴𝑴𝒔𝒔𝒕𝒕𝒓𝒓𝒑𝒑𝒑𝒑𝒈𝒈𝒑𝒑 is the number of storage technologies that are installed in the study area 
and 𝑩𝑩 (€) is the total benefit of the solution for the study area.  
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6.6.4 Storage model spatial and technical constraints  

The installation of storage technologies and the interaction of parcels are restricted 
by several technical and spatial constraints. In literature the spatial aspects of storage 
technologies are defined as energy density per square meter, the energy density per cubic 
meter or energy density per kilogram. For instance, the energy density of the Lithium-
ion battery is between 75-200Wh/kg [272] or in terms of kWh/m3 it is between 250-620 
[145]. Safety and noise nuisance also restrain the installation of the storage technologies 
for example, lead-acid battery is known for negative impacts on the environment. Once 
this technology is installed in a residential area, its enclosure must be weatherproof and 
tamper resistant. It is difficult to find a consistent regulation in the literature to 
determine the installation requirements and site selection of the storage technologies. In 
a number of demonstration projects, building level EST's are implemented in the 
basement of the buildings, whereas urban level technologies are mostly installed in the 
nearby green areas to support the surrounding buildings. In this research, the spatial and 
technical requirements for the installation of storage technologies are as follows:  

• There must be a site with an appropriate function to install the urban scale 
storage technology. An appropriate function is a green-parcel which is 
suitable to locate the storage as well as for later operation and maintenance.  

• The distance from the installation location of storage technology to the 
connected buildings has to be within the appropriate range (here it is called 
the distance-to-green–parcels parameter). There is no specific regulation in 
literature for the appropriate distance-to-green–parcels parameter. In this 
chapter for demonstration purpose a distance of 150 meters is considered as 
the maximum distance allowed. 

• The requirements for the building level application of storage technologies 
must be considered such as safety, ease of use and size. 

The parcels interactions are also constrained by: 

• Parcels are not allowed to make cross-road connections. This is based on the 
assumption that a cross-road connection requires extra infrastructure which 
are not included in the model. This also limits the formation of groups at a 
district or a city level. 

• Parcels with the same spatial conditions are able to connect. In other words, 
parcels which are close to green areas do not connect to the parcels which 
are too far. Furthermore, only building scale storage technology can be 
installed in the latter. 

• The maximum distance between two neighboring parcels must not exceed 
the allowed threshold which here is called the range parameter. The range is 
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an external parameter and in this chapter for demonstration purpose a 
distance of 80 meters is considered. Also a parcel cannot leave its group if its 
leaving causes a large gap between the rest of the group members. Any 
connection between parcels which their distance is higher than the allowed 
Range distance will be denied. Otherwise, it leads to an undesired situation 
that far away parcels are able to connect with each other (Figure  6-7). 
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Figure  6-7 Large gap between the group members when the middle parcel leaves the group 

6.6.5  Heuristic optimization techniques overview 

As mentioned above by application of the storage technologies collectively on the 
urban level more benefit can be achieved. In the storage model, generation of the best 
configuration of storage technologies for the study area is defined as an optimization 
problem, given an objective function and spatial and technical constraints where 
heuristic methods search the solution space for an optimal solution. In this model 
parcels interact with their neighbors to share storage technology in order to maximize 
their benefits while taking into account the spatial and technical constraints. The final 
goal of the model is to find the storage solution in which the global benefit of the study 
area is maximized subject to the constraints outlined above. Various optimization 
techniques in the context of the designing the optimal renewable-based energy systems 
have been reported in the literature such as, Simulated Annealing (SA), Genetic 
Algorithm (GA), Particle Swarm Optimization (PSO), Artificial Neural Network (ANN), 
Linear Programming (LP) and Dynamic Programming (DP). As mentioned in 
Section  2.8.4 modelling on the urban level is often complex, consisting of large numbers 
of variables whose values may be uncertain and their interactions are often non-linear. 
According to [36] and [186] for each new development on the urban scale, even with a 
limited number of variables the number of feasible solutions is considerably large and 
the probability of finding the most optimal solution by manual trial and error is 
significantly small. As a result, this is required to use the computational methods to 
examine all the feasible solutions to find the most optimal solution. The most promising 
candidate methods are the heuristic search techniques which adapt according to what 
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they have learnt about a given system [186]. In this research two prominent heuristic 
techniques including GA and SA, which use natural phenomena principals to find 
optimal solutions and mostly have been used to optimize the configuration of the 
renewable-based energy systems in the urban areas will be described briefly.  

GA is a heuristic search algorithm, which generates optimal solutions for the 
optimization problems, inspired by the natural evolution and the Darwinian theory of 
natural selection [277]. In this method firstly from a population of initial individuals, the 
algorithm generates initial solutions in an evolutionary manner. Next, to create a new 
generation from the generated solutions the fittest solutions are randomly selected and 
combined using crossover and mutation operators. The selection of solutions is 
performed through a fitness-based process. In an iterative process, the new populations 
are used in the next generations, until a termination condition is satisfied [277]. GA has 
been widely used to optimize the integrated renewable-based energy systems with 
storage technologies. [278] utilized GA to design optimal hybrid solar–wind–battery 
system using the minimization of the annualized cost system. [279] applied GA to 
economically design a multi-source hybrid unit composed of PV, wind and fuel cell. The 
dynamic behavior of a stand-alone hybrid power generation system of wind turbine, 
micro turbine, solar array and battery storage are optimized by [280] using GA. Hybrid 
optimization simulation program based on GA was developed by [168] in order to 
design different combinations of stand-alone hybrid energy systems. SA is a generic 
probabilistic heuristic optimization technique applied to solve combinatorial 
optimization problems. Compared to GA, SA imitates the freezing physical process into 
a minimum energy crystalline structure [277], [281], [282] and its final aim is to bring a 
system from its initial state to the state with the minimum energy level. The algorithm 
starts with a random initial state which has to be optimized for a specific objective(s) 
[277]. From the random state, using the predefined transition rules the new neighbor 
state is generated and tested for any change in its energy level. If the new state is better 
than the current state, it is accepted unconditionally; however, if the neighbor state is not 
better, it is accepted with a certain probability. This acceptance of a worse solution is 
applied to escape from the local minimums in the solution space [282]. This iterative 
process is repeated until a stopping condition is satisfied. Examples of stopping 
condition options are the maximum number of iterations or stopping when the best 
objective value is less than or equal to the value of the specified limit. The probability of 
transition from the current state to the new state is determined by the acceptance 
probability function that depends on the energies of the two states, and on a global time-
varying parameter called the temperature which is gradually decreased for each pre-
defined number of iterations [282]. The temperature is regulated by annealing schedule 
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which has an important control over the performance of the SA process. The annealing 
schedule needs to be devised specifically for each problem, but several template 
schedules, rules of thumb and initial tuning procedures to determine parameters have 
been reported in literature [277]. Figure  6-8 shows the main steps of the SA algorithm.  

Set up the initial solution and enter 
the initial temperature

Generate new solution

Assess new solution

Accept new 
solution?

Terminate search?

Next step

No

Yes

No

Yes

Update state of the system

Decrease temperature

Figure  6-8 Simulated annealing algorithm flowchart 

SA has also been widely used to optimize the integrated renewable-based energy 
systems with storage technologies. [283] developed the SA optimization-based approach 
for the optimal design and operation of the power system under uncertainty using RE 
sources and hydrogen storage. [284] propose a SA algorithm for optimizing the size of a 
PV/wind integrated hybrid energy system with battery storage. A dual meta-heuristic 
techniques (SA-PSO) are used by [285] for power management of a dual energy storage 
system for electric vehicles. [286] propose a hybrid artificial intelligence technique (SA-
ACO) to solve a complex energy resource management problem with a large number of 
resources, including EVs. [287] develop a discrete chaotic harmony search-based SA 
algorithm for optimum design of PV/wind hybrid system with battery storage. A hybrid 
GA-SA algorithm for evaluating the energy and economic performance of RE islands, 
including photovoltaic modules, wind turbines and micro-hydroelectric plants 
integrated with a hydrogen storage system is developed by [288].  Table  6-6 [8], [277], 
[282] summarizes the main features of the optimization techniques applied to the 
optimization of the integrated renewable-based energy systems. For each technique, the 
important components and features are listed. 
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Table  6-6 Overview of the prominent optimization techniques applied to optimize the renewable-
based energy systems 

Optimization 
technique 

Components Advantages Disadvantages 

Simulated 
annealing (SA) 
 

Input 
(1) Initial random solution 
(2) Objective function 
(3) Random swap 
(4) Annealing schedule 
(5) Stopping conditions 
Procedure 
(1) An optimization loop with random swaps, 
controlled by annealing schedule 
Output 
 (1) Optimal solution 

- Provides more rapidly a solution 
than GA 
- Handles non-linearity in 
objectives and constraints 
- Direct representation of the 
problem 
- Easy modification to optimize 
spatial objectives 
- Easy to code 

- Only one solution per 
iteration 
- Need an extensive 
calibration of the 
annealing schedule 
 

Genetic 
algorithm (GA) 

Input: 
(1) Initial population of non-optimal solutions 
(2) Objective function 
(3) Representation scheme 
(4) Genetic operators: crossover and mutation 
(5) Stopping conditions 
Procedure: 
(1) An optimization loop controlled by genetic operators 
Output: 
 (1) Optimal solution 

- Provides a non-dominated set of 
solutions 
- Handles non-linearity in 
objectives and constraints 
- Easy modification to optimize 
spatial objectives 
- Efficient performance for finding 
the global optimum 
 

- Difficult to calibrate 
control parameters 
- Difficult to define 
effective objective 
function  
- Difficult to define an 
intuitive representation 
scheme and effective 
genetic operators 
- Hard to code 

Particle swarm 
optimization 
(PSO) 

Input: 
(1) Initial population particles (non-optimal solutions) 
(2) Fitness function 
(3) Representation scheme 
(4) Position and velocity vector 
(5) Stopping conditions 
Procedure: 
(1) An optimization loop controlled by position vector 
Output: 
(1) Intermediate solutions 
(2) non-dominated set of solutions 

- Provides a non-dominated set of 
solutions 
- Handles non-linearity in 
objectives and constraints 
- Efficient performance for finding 
the global optimum 
 
 
 

- Relatively lower 
performance for finding 
the global optimum 
compared to GA and SA 
- Not suitable for 
complex problems with 
great number of 
parameters 
 

Linear 
programming 
(LP) 

Input: 
(1) Cost function  
(2) Boundary conditions  
(3) Constraints 
Procedure: 
(1) Calculation of optimal solution 
Output: 
(1) Optimal solution in solution space 

- Guaranteed optimal solution to 
specified objective function 

- Requires linear 
described objectives 
- Time-consuming, 
especially for large 
spatial scales  
- Not efficient for 
complex problems  

As mentioned, the large numbers of variables of the distributed energy systems and 
their complex interactions make conventional models extremely inappropriate and 
inefficient for systemic simulations [14] as a result heuristic methods are implemented to 
efficiently explore the solution space to find the optimal solution. The most significant 
feature of the heuristic methods such as GA and SA besides their ability to avoid being 
trapped in local optima and capability to find the global optimum [8] is their capability 
to embrace and code a large number of parameters in the optimization process to handle 
the complexity of distributed energy systems. This advantage is not available in other 
approaches such as PSO and LP that can be coded for a limited number of parameters. 
From a practical point of view the GA coding and implementation is relatively harder 
due to its complex structure and if the number of parameters becomes larger, the GA 
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structure becomes significantly complex [8]. Moreover the control parameters, such as 
population size and generation size in GA, and the annealing schedule in SA, are not 
easily fine-tuned and should be calibrated carefully [282]. In conclusion, from the 
existing approaches to optimize the integrated renewable-based urban energy system 
with storage systems the SA algorithm can address the objective of this research to 
provide the most optimized configuration in terms of maximum deployment benefit. SA 
algorithm has both strong theoretical and practical bases. It has been applied frequently 
in literature and provides more rapidly a final solution than other heuristic techniques. 
SA is also capable of the representation of the spatial problem more intuitively compared 
to the GA representation scheme. The detailed description of the implemented SA 
algorithm in this research can be found in the next section. 

6.6.6 Simulated annealing algorithm 

Inspired by the annealing process in metallurgy, the SA algorithm is designed to find 
the best storage solution at the urban level by constantly generating different solutions 
and excluding ones that decrease the global benefit (𝑩𝑩) as defined in Section  6.6.3. In 
each iteration the SA algorithm makes a locally optimal changes and attempts to bring 
the system into a state with higher global benefit. The four basic steps of the SA 
algorithm are as follows:  

1. The SA algorithm adopts a random solution as an initial solution 

2. Through the interaction between parcels that follow a set of predefined transition 
rules the next random solutions will be generated.  

3. The solutions are not only accepted if the global benefit is higher than the previous 
solution, but also when the global benefit is smaller, the change is accepted with a 
certain probability.  

4. This iterative process is repeated until a stopping condition is satisfied. Examples of 
stopping conditions options are the maximum number of iterations or stopping 
when the best objective value is less than or equal to the value of the specified limit. 

Figure  6-9 demonstrates the SA algorithm designed to optimize the storage solution 
for the study area. In the following, each of these steps will be described in detail: 

• Step one (setting up the environment): Setting up the environment and 
storage types is the first step of the SA algorithm. This step prepares all the 
necessary pre-conditions for the model to function properly, including 
clearing all data generated by the previous runs, importing maps, creating 
parcels and transmitting demand-supply profile data into parcels’ attributes. 
In this step also the configuration of the implemented storage types as an 
external input foe the model should be specified. 
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Setting-up the environment and storage types 

T  ≥  End temperature?

Set k = 1

Stop

k ≤ IPT

Parcel X is selected randomly
Parcel Y is a random neighbor of X

Y exists?

No road existing 
between X and Y ?

X and Y are in a same 
group?

Y meet the spatial 
conditions?

Y leaves group
(Figure  6-10 )

X and Y have the 
same spatial 
conditions?

Y joins group of X
(Figure  6-10 )

State of system and global benefit is 
updated

Set k = k + 1

Set T = T × Cooling-rate

No

Yes

No

Yes

No

Yes

No

Yes

Yes

Yes Yes

No

No No

Generate the initial solution and calculate the total 
benefit

Compute the initial temperature (T0)

Generate final solution

Figure  6-9 SA optimization algorithm with n storage types 
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Y joins group

Calculate benefit of X group and Y 
group (Old Benefit - OB)

Y changes to group of X

Calculate benefit of n2 combinations Of technologies 
(New Benefits - NB’s)

Let Best Benefit (BB) = Max (NB’s)

If BB – OB < 0

Random [0,1] > exp ((BB-OB) / T)

The change is not accepted, Y 
comes back to the old group

Accept the change, Y stays 
with the new group and 
new storages are updated

Next Step

No

Yes

No

Yes

 
Figure  6-10 Algorithm for the procedure join groups (for the procedure leave group the flow chart is 

the same except for the fact that Y is separated to be standalone) 

• Step two (initial solution): Generating the initial solution and calculating the 
global benefit are the main actions in the second step. As an initial solution, 
the SA algorithm allocates the building level storage technologies to the 
parcels and calculate their benefits (see Section  6.6.2 and Section  6.6.3 for 
more details)  

• Step three (initial temperature): The next step is computing the initial 
temperature (𝑬𝑬𝟎𝟎) of the algorithm. Many methods have been proposed in 
literature to compute the initial temperature. A procedure proposed by 
[289], [290] is adopted in this research. It is obtained by the following 
equation: 

𝑬𝑬𝟎𝟎 = −∆𝑩𝑩+ 𝒑𝒑𝑴𝑴 (𝒑𝒑𝟎𝟎)⁄  Equation  6-7 
Where ∆𝑩𝑩+ is an estimation of the benefit of strictly positive transitions. 
Notice that −𝑩𝑩𝒕𝒕 𝒑𝒑𝑴𝑴 (𝒑𝒑𝟎𝟎)⁄ , where 𝑩𝑩𝒕𝒕 is the benefit change caused by the 
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transition 𝒕𝒕 is the temperature, allowing this transition to be accepted with a 
probability 𝒑𝒑𝟎𝟎. In other terms, 𝑬𝑬𝟎𝟎 = −∆𝑩𝑩+ 𝒑𝒑𝑴𝑴 (𝒑𝒑𝟎𝟎)⁄  is the average of these 
temperatures over a set of random transitions [289]. Experiments show with 
(𝒑𝒑𝟎𝟎) of around 0.8 a suitable initial temperature can be obtained. In other 
words, there is an 80% chance that a change which decreases the objective 
function will be accepted. 

• Step four (parcels interaction): In the SA model parcels constantly interact 
with their neighbors and change their connections and storage types. As a 
result, in each iteration, a new system state with a new benefit will be 
created. In this process a random parcel (parcel 𝑿𝑿) queries its neighbors and 
establish a relationship with another parcel (parcel 𝒀𝒀). Two relationships 
exist between 𝑿𝑿 and 𝒀𝒀: 

1) Joining: If 𝑿𝑿 and 𝒀𝒀 are not in a same group (Figure  6-11) (they do not share 
storage technology), 𝒀𝒀 attempts to join the 𝑿𝑿’s group. If the two parcels 
satisfy all the spatial and technical requirements for the connection, parcels 
𝒀𝒀 joins the 𝑿𝑿’s group. The new resulting groups check all the permutations 
of the storage types and then choose the best combination for both groups. 
For example, if three storage types are implemented in the model, there will 
be 32 = 9 permutations (Table  6-7). In general the number of permutations is 
𝑴𝑴𝟐𝟐, where 𝑴𝑴 is the number of storage types. From 𝑴𝑴𝟐𝟐 solutions, the one that 
yields highest benefit is selected for the further assessment. 

2) Leaving: If 𝑿𝑿 and 𝒀𝒀 are in a same group (Figure  6-12) (they share storage 
technology) 𝒀𝒀 attempts to leave the 𝑿𝑿’s group to stand alone. If parcel 𝒀𝒀 
satisfy all the spatial and technical requirements for leaving, 𝒀𝒀 leaves the 
group and create a new group. Again the new resulting groups try all the 
permutations of storage types and then choose the best combination for 
both groups (Table  6-7). 

Parcel Y join X ‘s group

X

Y

X

Y

Group 1

Group 2

Group 1 Group 2

 
Figure  6-11 Parcel Y joins the X’s group and the new resulting groups change their storage types 
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Table  6-7 Permutations of the storage types checked by the two groups of parcels (n=3) 

Permutations X′ Group Y′ Group 
Permutation 1 Storage type 1 Storage type 1 
Permutation 2 Storage type 1 Storage type 2 
Permutation 3 Storage type 1 Storage type 3 
Permutation 4 Storage type 2 Storage type 1 
Permutation 5 Storage type 2 Storage type 2 
Permutation 6 Storage type 2 Storage type 3 
Permutation 7 Storage type 3 Storage type 1 
Permutation 8 Storage type 3 Storage type 2 
Permutation 9 Storage type 3 Storage type 3 

X

Parcel Y leave the  X ‘s group

Y

X

Y

Group 1

Group 2

Group 1

Figure  6-12 Parcel Y leaves the X′s group and the new resulting groups change their storage types 

• Step five (acceptance conditions): As the goal of the storage model is to
maximize the total global benefit of the storage solution, the SA
maximization algorithm is implemented that not only accepts changes that
increase the global benefit but also accepts some changes that decrease it
with a probability 𝑵𝑵. As a result, to accept the changes (joining or leaving)
the following situation can happen:

1) If a new combination of storage types compared to the old state (the
previous arrangement of groups and technologies) generates higher benefit,
then it will be accepted as the new state.

2) If a new combination of storage types generates a lower benefit compared to
the old state, the new state is accepted with a probability 𝑵𝑵 that is
determined by the following equation [291]:

 𝑵𝑵 = 𝑬𝑬𝑴𝑴𝒑𝒑[−∆𝑩𝑩 𝒌𝒌𝒃𝒃𝑬𝑬⁄ ] Equation  6-8 

Where 𝒌𝒌𝒃𝒃 is the Boltzmann’s constant, 𝑬𝑬 is the temperature for controlling 
the annealing process, and ∆𝑩𝑩 is the change of the benefit [291]. The 
simplest way to link ∆𝑩𝑩 with the change of the objective function without 
losing generality is using the 𝒌𝒌𝒃𝒃 = 𝟏𝟏 [291]. 
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3) In case there is no chance to deploy, a new change or the new state is not
accepted, 𝑿𝑿 and 𝒀𝒀 return to the previous state and the system is remain
unchanged.

• Step six (annealing schedule): An important step of the SA algorithm is how
to control the annealing process to cool down the system temperature
gradually to the global minimum level [291]. For this research the Geometric
annealing schedule method [291] is deployed to control the annealing rate,
which decrease the temperature by a cooling factor 𝜶𝜶, so that 𝑬𝑬 is replaced by
𝜶𝜶𝑬𝑬 or:

𝑬𝑬(𝒕𝒕) = 𝑬𝑬𝟎𝟎𝜶𝜶𝒕𝒕 Equation  6-9 

Where 𝜶𝜶 is a constant close to but smaller than 1 (often between 0.95 - 0.99) 
and 𝒕𝒕 is the number of iterations [291] . 

• Step seven (stopping condition): The parcels interactions will proceed until
the SA algorithm fulfills the stopping condition. After a specified number of
iterations per temperature (IPT), the model temperature will be decreased
and a new loop starts again. The model stops whenever the stopping
temperature is reached or no improvement in the global benefit be found. At
the end of the optimization process the optimized storage plan is generated.
The SA algorithm generates the plan that maximizes the global benefit of
installing storage technologies in the study area.

• Step eight (generating the optimum solution): At the end of the optimization
process the model has to present the optimum solution using the predefined
color codes, icons and links. Storage types are marked with different icons
and colors. Furthermore, parcels of a same group are linked together to give
an interpretable layout. The rule for these connections are:

1) The parcels located on the same street are connected first. After that parcel
of the other streets will be linked. This rule ensures that the entire group will
be in the network. Also, each parcel allowed creating one or two connections
at most.

2) Links are created between odd number addresses or even number addresses
according to ascending order so as to keep the map visually simple and clear
(See Figure  6-13).

3) In addition, the model includes the procedure to install the storage
technologies in which suitable locations to install storages will be
investigated. This procedure simply queries all of the possible green-parcels
and chooses the nearest one to install the selected storage. A storage sign is
placed in the desired green-parcel and a line is drawn between the
installation location and the closest parcel. Just to remind that a link should
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not be interpreted as a new network; it only shows a connected group of 
building- storage technologies.  

Figure  6-13 Parcels on the same street are connected together, odd to odd and even to even in an 
ascending order 

6.7 Implementation of the storage module 

For the implementation of the storage module, Netlogo is used. Netlogo is a software 
application that provides facilities for programmers to develop software.  

Figure  6-14 Graphical user interface (GUI) of the urban energy modules 

All GIS operations are carried out with the vector-based spatial analysis tools, FME® 

Version 2014-build 14235 and QGIS version 2.0.1. FME is utilized for data 
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transformation and translation and QGIS is applied to store, retrieve, manage, display 
and rather preliminary analyses of the geographical and spatial data. Figure  6-14 shows 
the graphical user interface (GUI) of the urban energy module. The user interface 
composed of five parts: supply and storage inputs, visualization window and supply and 
storage outputs. On the left side of the GUI there are supply configuration input 
variables. At the bottom part of the GUI there are storage configuration input variables. 
As the model was designed with a high degree of flexibility, all input variables, both for 
supply and storage parts are entirely adjustable. At the center of the interface, a window 
for the visualization of the storage solutions is designed. This area assists users to observe 
and inspect all the parcels and their interactions. On the right side of the GUI, there are 
the supply and storage output graphs and observers. The graphs and observers display 
statistics related to the application of storage technologies to the current solution and 
assist in analyzing and comparing storage technologies as well as in analyzing different 
scenarios. The list of input parameters and outputs of the storage module is presented in 
Table  6-8. 

Table  6-8 Adjustable GUI input variables and outputs of the storage module  

Inputs Unit Descriptions  Outputs Unit Descriptions 
Number-of-
storage-types 

Specifies number of implemented 
storage types in the model Global-benefit € Shows variation of global benefit  

during the optimization process 

Cooling-rate A constant to determine the 
cooling rate of the system 

Number-of-
storages  

Indicates number of installed 
storages for each storage type 

Range m Indicates the distance which 
parcels can query their neighbors Number-of-parcels Number of parcels that have 

deployed the current storage type 

Distance-to- 
green-parcels m 

Determines the maximum 
distance from a parcel to the 
nearest green-parcel 

Energy-
charged/discharge kWh 

Shows the amount of electricity 
has been charged/discharged per 
year for each  storage type 

Electricity-
price €/kWh Indicates the electricity priced per 

kilowatt hour Global-outage kWh Shows the global outage of 
electricity in the study area  

Investment-
cost-per-stored 
energy-unit 

€/kWh Determine the investment cost per 
kilowatt hour for each storage type Global-surplus kWh 

Indicates the global surplus of 
electricity in the study area per 
year 

Energy-
capacity kWh Determines the energy capacity of 

the storage types  Global-charge kWh Shows the amount of electricity 
charged from all storages per year 

Power-capacity kW Specifies the power capacity of the 
storage Global-discharge  kWh Shows the amount of electricity 

discharged from all storages 

lifecycle Year Determines the lifecycle of the 
storage type 

Total-Investment-
cost € Shows total storage investment 

cost per solution 

Fixed-pricing? Specifies the electricity tariff type 
applied to the connections 

Total-Investment-
cost-per-kWh € Indicates the total storage 

investment cost per kWh  

Initial-charge  % Specifies the initial charge of the 
storage technologies 

Charge/discharge 
and surplus/outage 
curve 

kWh 

A graph shows the global 
charge/discharge and 
surplus/outage of electricity 
variations in hourly resolution 

Iterations  Determines the number of 
iterations per each temperature 

Total-number-of 
storages 

Shows the total number of storages 
of the current solution  

6.8 Case study 

The storage module is implemented on the urban scale and for the demonstration 
purpose; it is applied at the district in the north of the Eindhoven municipality in the 
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Netherlands. The district is composed of 1480 parcels which 85% (1296 parcels) of them 
are residential, 0.8% are service and 0.6% are industrial. The annual electricity usage of 
the study area is 9452659kWh/yr. The annual usage load profile and yearly supply profile 
of parcels in hourly resolution are obtained from the demand and supply modules 
respectively. The storage module optimization has been implemented based on the data 
that have been collected for the period between 1 January and 31 December of 2014. The 
detailed description of the datasets that has been implemented in the module regarding 
calculating the parcels supply and demand profiles and the meteorological data of the 
study area have been introduced in detail in Section  5.7. 

6.9 Scenario design 

In this section a practical application of the storage module is carried out using real 
world data for multiple scenarios. As noted, the storage module is designed to investigate 
the urban scale application of the different types of storage technologies. Accordingly a 
list of storage technologies is considered and compared under given conditions. The 
candidate technologies will be assessed based on the spatial and technical requirements 
and the economic benefits to find the best storage configuration for the study area. More 
importantly, the module is not only a tool for evaluating the current technologies, but it 
is also an attempt to consider the future storage technologies. Taking into account the 
volatile behavior of renewable resources and increasing the electricity price, it would be 
reasonable to assume that energy storage will be widely applied in a near future. It is 
therefore necessary to design scenarios in which future conditions are considered in 
order to give a clearer view about the prospect of the EST′s. This section introduces three 
scenarios as well as reasonable grounds for their designing. Except for the first scenario 
that is applied at the building level, other scenarios aim to investigate the urban scale 
application of the storage technologies. The third scenario simulates a future context 
when EST′s gain new achievements, allowing cheaper and more efficient technologies to 
be implemented. In the following, the implemented storage technologies and conducted 
scenarios are described in detail. 

6.9.1 Implemented storage technologies 

The following technologies are implemented in the storage module. These 
technologies except AMBRI are currently available or have already been introduced in 
some demonstration projects: 
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1) YOE-Storage: YOE8 is a mini size lithium-ion battery using titanate
technology. YOE was designed and being commercialized by YOUNICOS.
YOE has the 12kWh energy capacity and 4kW power capacity with relatively
high initial investment cost of 1500€/kWh and a lifetime of 20 years. Unlike
traditional lithium-ion batteries, YOE is safe and has no risk of fire. In
addition, the battery has a long lifespan and a small, artistic design. These
specific features allow YOE to be considered as a building scale storage
technology for residential and small service buildings.

2) ZEN-Urban-PowerBank-Storage: ZEN9 is lithium-ion medium-size storage,
produced by ZEN. It constitutes of a number of lithium iron phosphate
modules, each has the capacity of 20kWh and 5kW of power capacity. For this
application, a system of three modules is deployed to investigate its
application to support a cluster of residential buildings or medium scale
service or industrial building. This system provides 60kWh energy capacity
with the rate of 15kW of power and the installation cost of 900€/kWh for life
cycle of 20 years that is installable on the green parcels or inside service or
industrial buildings.

3) E-Camion-Community-Energy-Storage: E-Camion10 is the high capacity
storage technology that is applicable at the urban level to support
neighborhoods or urban district. It is composed of multiple arrays of lithium
batteries. This technology has been implemented in multiple demonstration
projects that provides 250kWh/500kW to support a neighborhood integrated
with RET′s. Price and life cycle are estimated 750€/kWh and 20 years
respectively. The dimensions of a 250kWh module are
3019mm×2408mm×686mm and installable on the green parcels.

4) AMBRI-Liquid-Metal-Storage: AMBRI11 is selected as the future technology
which is still under R&D development. AMBRI system is a low-cost
technology that can provide 200kWh/50kW with the cost of 300€/kWh in 20
years. This new technology is not as expensive as current technologies and
supports the large scale energy network applications.

Table  6-9 summarizes the technical specifications of the implemented storage 
technologies. 

8 http://www.younicos.com/download/Yoe/Yoe_brochure_en.pdf 
9

 http://www.zenenergy.com.au/home/news/horizen-summer-2014-15/new-zen-urban-powerbank-coming-in-2015/ 
10

 http://www.ecamion.com/portfolio/ces/ 
11 http://www.ambri.com/technology/
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Table  6-9 Specification of the deployed storage technologies in the storage module 

Technologies Specifications Energy capacity 
(kWh) 

Power capacity 
(kW) 

Investment 
(€/kWh) 

Lifetime 
(Years) 

YOE Lithium-ion battery 12 4 1500 20 
ZEN Lithium Iron Phosphate 60 15 900 20 
E-Camion Lithium 250 500 750 20 
AMBRI Liquid metal battery 200 50 300 20 

6.9.2 Storage scenarios 

The following scenarios are conducted for the storage module demonstration: 

• Building level storage scenario (BLS): BLS scenario is designed to incorporate 
the current situation of storage technologies in the building level. The BLS 
scenario is used as a base-case to compare with other scenarios. In this 
scenario YOE is deployed for the residential and small service buildings and 
ZEN and E-Camion are applied for the medium and high demand service 
and industrial buildings.  

• Community energy storage scenario (CES): CES scenario is designed to 
incorporate the existing EST's at the urban level. The three implemented 
storage candidates introduced in the previous section are deployed in this 
scenario for urban scale applications. 

• Future development storage scenario (FDS): This scenario is designed to 
incorporate the future development of storage technologies. In this scenario, 
AMBRI as a high capacity technology will be deployed instead of E-Camion. 
YOE and ZEN technologies are also deployed as the building and 
neighborhood scale applications.  

In these demonstrations the electricity price is calculated based on the 2014 data 
which is 0.22€/kWh and this value will be fixed over the lifetime of the storage 
technologies. Table  6-10 summarizes the deployed storage technologies and electricity 
price of scenarios.  

Table  6-10 Deployed storage technology types 

Scenarios Storage technologies Electricity tariff 
Building level storage scenario (BLS) YOE ZEN  E-Camion Fixed rate, 0.22 €/kWh 
Community energy storage scenario (CES) YOE ZEN  E-Camion Fixed rate, 0.22 €/kWh 
Future development storage scenario (FDS) YOE ZEN  AMBRI Fixed rate, 0.22 €/kWh 

Table  6-11 General setup of the storage scenarios 

Parameter Value Unit Description 
distance-to- green-parcels 150  m Determines the maximum distance from a parcel to the nearest green-parcel 
range 80  m Indicates the distance which parcels can query their neighbors 
Annealing-rate 5 % A constant to determine the annealing rate of the system temperature 
Initial-temperature 700000  ˚C Specifies the initial temperature of the model 
Stopping-temperature 1  ˚C Specifies the stopping temperature of the SA model 
Iteration-per-temperature 
(IPT) 

1450   Determines the number of iterations per each temperature 

Initial-state-of-charge  0  % Specifies the initial charge of the storage technologies 
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For application of the aforementioned scenarios three RET′s configurations based on 
the supply scenarios (introduced in the Section  5.8) are utilized. Table  6-11 summarizes 
the considered setup of the storage module for the implementation of scenarios. 

6.10 Results 

In the following, based on the RET configurations, including PV-panel, wind turbine 
and combined applications, the results of the conducted storage scenarios are presented. 

6.10.1 PV-panel application 

The results of the storage scenarios for the PV-panel application (see Section  5.8, 
scenario I for more details) are presented in Table  6-12.  

Table  6-12 Outputs of the conducted storage scenarios for the PV-panel application 

Outcomes Unit 
Scenarios 

BLS CES FDS 
Iterations 0 345*1450 383*1450 
Global benefit € -707950 -66232 97742 
Total outage/ surplus kWh/yr. -5646586/5647106 -5646586/5647106 -5646586/5647106 
Number of batteries 1325 367 299 
Number of YOE  1307 271 211 
Number of ZEN  14 83 22 
Number of E-Camion  4 13 0 
Number of AMBRI  0 0 66 
Total investment cost € 23850000 11797500 8946000 
Total discharged energy  kWh/yr. 2202501 2380196 2477464 
Energy discharged by YOE  kWh/yr. 2000495 781591 614368 
Energy discharged by ZEN  kWh/yr. 86797 1029174 220856 
Energy discharged by E-Camion kWh/yr. 115209 569430 0 
Energy discharged by AMBRI  0 0 1642239 
Parcels using YOE  1307 583 463 
Parcels using ZEN  14 596 130 
Parcels using E-Camion  4 146 0 
Parcels using AMBRI  0 0 732 
Cost of storage (COS) €/ kWh 0.5466 0.2496 0.1819 

The crucially important outcome that can be recognized directly from the outputs is 
that the total global benefits (GB) of the storage technologies in the CES and FDS 
scenarios compared to the BLS scenario increased significantly which corroborates the 
beneficial effects of urban scale application of storage technologies. Total investment 
cost of scenarios also decreased dramatically from 23850000€ in BLS scenario to less 
than 8946000€ in FDS scenario. The results also show that the performance of the CES 
and FDS scenarios regarding the cost of storage (COS) are far better than the BLS 
scenario (0.5466€/kWh in BLS compared to 0.1819€/kWh in FDS). These both imply 
that the urban scale application of storage technologies can significantly reduce the total 
and average cost of storage applications. Comparing the outputs of CES and FDS 
scenarios indicates that the FDS scenario has a better performance in terms of GB, total 
investment cost and COS. This will reveal the importance of the development of low-cost 
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storage technology in the future for further application of these technologies to support 
renewable-based urban energy system. Table  6-12 also shows that the storage types are 
well-distributed in the CES and FDS scenarios since in the BLS scenarios mostly only the 
YOE are installed. However, in the CES and FDS scenarios, mainly the high capacity 
storage technologies, including ZEN, E-Camion and AMBRI are installed. In these 
scenarios parcels instead of using building level storage technologies, share the high 
capacity storage technologies (Figure  6-15).  

Figure  6-15 High capacity storage technologies are shared between parcels in the CES (left) and FDS 
(right) scenarios for the PV-panel application 

Figure  6-16 compares the global benefit changes of the CES and FDS scenarios 
during the optimization process in which for both scenarios the initial solution is the 
building level storage application and optimized final solutions are presented in 
Figure  6-17.  

Figure  6-16 Global benefit changes of the CES and FDS scenarios for the PV-panel application during 
the optimization process 

Figure  6-17 shows the generated storage solutions of the CES and FDS scenarios for 
the PV-panel application. As the generated plans show in both scenarios high capacity 
storage technologies are allocated to the green-parcels and connected to the parcels. 
While in the CES scenario mostly ZEN battery is installed in the FDS scenario AMBRI as 
a future low-cost storage technology is shared between parcels. In order to avoid the 
complexity of the generated storage plans the building scale technologies are not 
displayed here.  
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Figure  6-17 Generated storage solutions of the study area for the PV-panel application: (left) CES 
scenario, (right) FDS scenario 

a 

b 

c 

Figure  6-18 Global surplus/outage and charge/discharge graphs of the storage scenarios for the PV-
panel application in hourly resolution: (a) BLS, (b) CES, (c) FDS 
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The global surplus/outage and charge/discharge graphs of the scenarios in hourly 
resolution are presented in the Figure  6-18. The electricity released from the storage 
technologies increases gradually from the BLS scenario to the FDS scenario, 
corresponding with the global benefits. However, compared to the total surplus energy 
of the area, even the FDS scenario only meets approximately 50% of the global 
surplus/outage. 

6.10.2 Wind turbine application 

The results of the storage scenarios for the wind turbine application (see Section  5.8, 
scenario III for more details) are presented in the Table  6-13.  

Table  6-13 Outputs of the conducted storage scenarios for the wind turbine application 

Outcomes Unit 
Scenarios 

BLS CES FDS 
Iterations 0 351*1450 356*1450 
Global benefit € -918116 -210387 -134996 
Total outage/surplus kWh/yr. -4704535/4909783 -4704535/4909783 -4704535/4909783 
Number of batteries 1325 209 231 
Number of YOE  1307 139 115 
Number of ZEN  14 53 0 
Number of E-Camion  4 17 0 
Number of AMBRI  0 0 116 
Total investment cost € 23850000 18551500 9030000 
Total discharged energy  kWh/yr. 1247199 987216 1438656 
Energy discharged by YOE  kWh/yr. 1132810 258539 210553 
Energy discharged by ZEN  kWh/yr. 44642 359193 0 
Energy discharged by E-Camion  kWh/yr. 2335 369483 0 
Energy discharged by AMBRI  0 0 1228103 
Parcels using YOE  1307 635 510 
Parcels using ZEN  14 507 0 
Parcels using E-Camion  4 183 0 
Parcels using AMBRI  0 0 816 
Cost of storage (COS) €/ kWh 0.9594 0.4347 0.3148 

The crucially important outcome that can be recognized directly from the outputs is 
that the total GB's of the storage technologies in the CES and FDS scenarios compared to 
the BLS scenario increased significantly, which corroborates the beneficial effects of the 
urban scale application of storage technologies in this application as well. Total 
investment cost of scenarios also decreased dramatically from 23850000€ in the BLS 
scenario to less than 9030000€ in the FDS scenario. The results also show that the 
performance of the CES and FDS scenarios regarding the COS are far better than the 
BLS scenario (0.9594€/kWh in the BLS compared to 0.3148€/kWh in the FDS). These 
both imply that the urban scale application of storage technologies can significantly 
reduce the total and average cost of storage applications. Comparing the outputs of the 
CES and FDS scenarios indicates that the FDS scenario has a better performance in 
terms of GB, total investment cost and the COS. This will reveal the importance of the 
development of low-cost storage technology in the future for further application of these 
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technologies to support renewable based urban energy system.  Table  6-13 also shows 
that the storage types are well-distributed in the CES and FDS scenarios since in the BLS 
scenarios mostly only YOE are installed. However, in the CES and FDS scenarios, mainly 
the high capacity storage technologies, including ZEN, E-Camion and AMBRI are 
installed. In these scenarios parcels instead of using building level storage technologies, 
share the high capacity storage technologies. Figure  6-19 compares the global benefit 
changes of the CES and FDS scenarios during the optimization process in which for both 
scenarios the initial solution is the building level storage application and optimized final 
solutions are presented in Figure  6-20.   

Figure  6-19 Global benefit changes of the CES and FDS scenarios during the optimization process for 
the wind turbine application 

Figure  6-20 Generated storage solutions of the study area for the wind turbine application: (left) CES 
scenario, (right) FDS scenario 
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a 

b 

c 

Figure  6-21 Global surplus/outage and charge/discharge graphs of the storage scenarios for the wind 
turbine application in hourly resolution: (a) BLS, (b) CES, (c) FDS 

Figure  6-20 shows the generated storage solutions of the CES and FDS scenarios for 
the wind turbine application. As the generated plans show in both scenarios high 
capacity storage technologies are allocated to the green-parcels and connected to the 
parcels. While in the CES scenario mostly ZEN battery is installed in the FDS scenario 
AMBRI as a future low-cost storage technology is shared between parcels. In order to 
avoid the complexity of the generated storage plans the building scale technologies are 
not displayed.   

The global surplus/outage and charge/discharge graphs of the scenarios in hourly 
resolution are presented in the Figure  6-21. The electricity released from the storage 
technologies increases gradually from the BLS scenario to the FDS scenario, 
corresponding with the global benefits. However, compared to the total surplus energy 
of the area, even the FDS scenario only meets approximately half of the global 
surplus/outage. 
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6.10.3 Combined application of PV-panel and wind turbine 

Table  6-14 summarizes the results of the storage scenarios for the combined PV-
panel and wind turbine application (see Section  5.8, scenario IV for more details).  

Table  6-14 Outputs of the conducted storage scenarios for the combined application 

Outcomes Unit 
Scenarios 

BLS CES FDS 
Iterations 0 361*1450 313*1450 
Total benefit € -762721 -139111 42354 
Total outage/ surplus kWh/yr. -4618114/4622772 -4618114/4622772 -4618114/4622772 
Total batteries 1325 305 273 
Number of YOE  1307 201 180 
Number of ZEN  14 87 4 
Number of E-Camion  4 17 0 
Number of AMBRI  0 0 89 
Total investment cost € 23850000 11503500 8796000 
Total discharged energy  kWh/yr. 1953541 1982107 2191610 
Energy discharged by YOE  kWh/yr. 2000495 529123 475379 
Energy discharged by ZEN  kWh/yr. 86797 927476 30822 
Energy discharged by E-Camion  kWh/yr. 115209 525508 0 
Energy discharged by AMBRI  0 0 1685408 
Parcels using YOE  1307 495 434 
Parcels using ZEN  14 676 19 
Parcels using E-Camion  4 154 0 
Parcels using AMBRI  0 0 872 
Cost of storage (COS) €/ kWh 0.6259 0.2944 0.2037 

In this application the outcomes show that the total GB of the storage technologies in 
the CES and FDS scenarios compared to the BLS scenario significantly increased. The 
total investment cost of scenarios has also a dramatic change from 23850000€ in the BLS 
scenario to less than 8796000€ in the FDS scenario. The COS experiences a dramatic 
drop in scenarios. While in BLS scenario the COS is 0.6259€/kWh, in the FDS, it reduces 
to 0.2037€/kWh. These imply that the urban scale application of storage technologies 
can significantly reduce the total and average cost of storage applications. Comparing the 
outputs of the CES and FDS scenarios also indicates that the FDS scenario has a better 
performance in terms of the GB, total investment cost and COS. The discharge of energy 
from AMBRI storage in the FDS scenario is more than 76% of the total discharged 
energy. This reveals the attraction of the low cost urban scale storage technologies 
compared with the building level and current storage technologies. The total number of 
installed storage technologies has a dramatic decrease from 1325 in the BLS scenario to 
273 storage technologies in the FDS scenario. The results show that the storage 
technology types are well-distributed in the CES and FDS scenarios compared with the 
BLS scenarios that mostly only YOE technology is installed. However, in the CES and 
FDS scenarios, mainly the high capacity storage technologies, including ZEN, E-Camion 
and AMBRI are installed. Regarding the number of parcels connected to the storage 
types, while 63.2% of the parcels in the FDS scenario are connected to the AMBRI 
storage, in the CES scenario 57% of the parcels are connected to the YOE technology. 
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Figure  6-22 compares the GB changes of the CES and FDS scenarios during the 
optimization process in which for both scenarios the initial solution is the building level 
storage application and optimized final solutions are presented in Figure  6-23. 
Figure  6-23 shows the generated storage solutions of the CES and FDS scenarios for the 
combined application. As the generated plans show in both scenarios high capacity 
storage technologies are installed in the green parcels and connected to the parcels. 
While in the CES scenario mostly ZEN battery is installed, in the FDS scenario AMBRI 
as a future low-cost storage technology is shared between parcels. For clarity of the 
generated storage plans the building scale technologies are not displayed. 

Figure  6-22 Global benefit changes of the CES and FDS scenarios for the combined application during 
the optimization process 

Figure  6-23 Generated storage solutions of the study area for the combined application: (left) CES 
scenario, (right) FDS scenario 

The global surplus/outage and charge/discharge graphs of the scenarios in hourly 
resolution are presented in the Figure  6-24. The electricity released from the storage 
technologies increases gradually from the BLS scenario to the FDS scenario, 
corresponding with the global benefits. However, compared to the total surplus energy 
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of the area, even the FDS scenario only meets approximately 50% of the global 
surplus/outage. 

a 

b 

c 

Figure  6-24 Global surplus/outage and charge/discharge graphs of the storage scenarios in hourly 
resolution: (a) BLS scenario; (b) CES scenario; (c) FDS scenario 

6.11 Discussions 

In this section the results of the scenarios will be discussed regarding economic 
efficiency, energy storing capacity and spatial aspects. Primarily, it is evident that by 
connecting and sharing storage technologies, parcels can acquire more benefit compared 
to the storage application on the building level. In the BLS scenario of all three renewable 
applications, when each parcel has its own storage separately, it has resulted in an 
extremely low benefit and high installation cost. The BLS and CES scenarios in all 
applications generate negative benefit meaning that it is not economic to apply storage 
technologies even at the urban level with the current conditions of storage technologies 
and electricity price. Nevertheless, if the production cost of storage technologies 
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decreases, an increase of benefit can be observed. The FDS scenarios, which are 
anticipated in the near future, show that a positive benefit is predictable. With regard to 
the COS, the PV-panel application has lower COS compared to other renewables 
application in all scenarios. This is due to the fact that the total discharge energy in the 
PV-panel application is higher. Regarding the energy storing capacity, the electricity 
released from storages increases gradually from BLS scenario to the FDS scenario in all 
applications, corresponding with the benefits. Meanwhile, in both applications the low-
cost technology scenarios have the highest result. However, compared to the total 
surplus energy of the area (5646586kWh/week), even the FDS scenario only meets 
approximately 50% of the surplus/outage energy. PV-panel application compared to the 
other applications has a higher storage capacity. This is due to the fact that wind turbines 
have higher fluctuation in their energy generation compared to the PV-panel application 
(Figure  6-24). The average number of parcels that share common energy storage is 
presented in Figure  6-25. The YOE system has the lowest connection with only 2.19 
parcels. The E-Camion system requires up to 11.23 parcels in order to achieve the 
highest efficiency. The ZEN and AMBRI are suitable for medium scale networks with 
5.91 to 11.09 connected parcels. Nevertheless, this is only a rough estimation since 
parcels differ in terms of energy demand and supply. By analyzing the generated plans of 
the storage application in the scenarios, it concluded that the application of large scale 
storage technologies, in terms of spatial requirements, is determined by two main 
factors. Firstly, the intended area has to have enough space to install the storage. Storage 
can be placed in a green parcel or high demand service or industrial parcels in the 
allowed distance. In the area where there is no appropriate site for installation, parcels, 
mostly adopt the building scale storage technologies. Secondly, the high density of 
buildings is a required condition for the large scale energy storages to be installed. If 
parcels are situated closer to each other, their connection will be more feasible. In 
addition to the spatial elements, the surplus profile also affects the type of energy storage 
to be installed. In the high density area with high surplus profiles if the spatial 
requirements met, most likely high capacity storage technology will be installed. 

Figure  6-25 Average number of parcels per storage type for the PV-panel application 
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 Figure  6-26 Spatial distribution of storage technologies in the study area, (left) due to the lack of 
suitable area for installation of high capacity storage systems, parcels adopt the building level storage 
systems (right) because of the high density of buildings, parcels deploy high capacity storage systems 

6.12 Conclusions 

This chapter presented the design process of the storage module as the third 
component of the urban energy model framework. The main objective of this module 
was developing a heuristic optimization model to analyze the deployment of storage 
technologies on urban level to balance the demand and supply profiles and generate an 
optimal storage solution for the study area. According to the reviewed literature, it is 
concluded that although a considerable amount of research has examined the integration 
of storage technologies into the built environment, the application is mostly constrained 
to the building level and relatively little attention has been paid to the implementation of 
the storage technologies on higher urban scales. Consequently, the storage module was 
developed to investigate the feasibility of integrating the storage technologies with the 
built environment on the urban scale and examining their spatial, energy and economic 
effects. In this module a storage model was developed in which the simulated annealing 
algorithm was utilized as an optimization method to investigate how storage technology 
will be deployed at urban scale and what implications they have. In this module the 
parcel based data model was adopted to structure the spatial environment. Parcels 
interact with their neighbors to maximize their benefit, taking into account the spatial 
and technical constraints. The SA algorithm guarantees that the system will not be 
trapped in a local maximum. Finally, the module generated the optimal storage solution 
for the area and visualized connections between parcels and locations where storage 
technologies were installed. Three scenarios based on the storage type configuration for 
three renewable energy configurations were implemented and the results were 
compared. As shown, the scenario analysis can help planners to examine the influence of 
different technical assumptions and technology options on the application of storage 
technologies in urban areas. As mentioned, the configuration of the module is fully 
adjustable. This provides deep insight to the model users about the connection between 
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the performance of the storage technologies and different spatial and technical 
conditions and help planners to make appropriate decisions. Furthermore, the scenario 
analysis and comparing the results has led to the following conclusions: 

• Firstly, the results show that by storing the surplus energy collectively, 
buildings can acquire higher benefits compared to the individual level. 
Furthermore, the benefits can be increased considerably if the low capital 
cost technologies were deployed. 

• Secondly, although the amount of energy which is captured by the storage 
technologies is substantial, yet it still stores only a proportion of the total 
surplus. This amount of stored energy accounts for a half of the overall 
surplus energy.  

• Thirdly, in terms of spatial requirements, there are three conditions which 
facilitate the implementation of the high capacity storage technologies: 1) An 
appropriate number of parcels with an appropriate amount of surplus 
energy to be stored, 2) A suitable site nearby to install the storage and 3) 
Parcels that are close enough to each other so that the connection will be 
economically feasible. Without these elements, the installation of storage 
technologies will be more dispersed with various types of storages instead of 
sharing common energy storage. 
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   CHAPTER 7
Sensitivity Analysis 

7.1 Introduction 

A sensitivity analysis is conducted to determine the parameters which are most 
influential on the model results. A sensitivity analysis of these parameters is crucial to 
the model validation [292]. Sensitivity analysis is a valuable tool for energy simulation 
models therefore, it has been widely used to explore the performance of these models 
[293]. According to [292] researchers conduct sensitivity analyses to determine: (1) 
which input parameters contribute most to the model output variability; (2) the effect of 
which parameters are not significant and can be removed in the final evaluation of the 
model; (3) which input parameters are highly correlated with the model outputs; and 
finally (4) which results can expect from changing the input parameters while the model 
is in use. In this chapter, the sensitivity analysis of the urban energy modules is 
performed for three different configurations of renewable energy technologies (RET's), 
including PV-panel, wind turbine and combined configuration of wind turbine and PV-
panel to analyze the behavior of the model for each configuration separately. This 
demonstrates how the outputs changed due to the variation in the configuration of 
RET's and input variables. For each configuration, a series of sensitivity tests are 
performed, varying a range of input parameters and examining the effects to show how 
the model works at a more detailed level.  

7.2 Sensitivity analysis method 

There are different ways to conduct sensitivity analyses, however the simplest 
method is to repetitively change one parameter while holding the others fixed [292]. In 
this method by changing each input parameter by a specific percentage while holding 
others constant and calculating the model output changes, a sensitivity ranking can be 
acquired [292]. Since in this method the analysis is performed only for the values around 
the base case values instead of the entire input parameter distribution, it also called local 
sensitivity analysis [292]. According to [292] and [293] this method belongs to the one-
factor-at-a-time method category. As this method focuses on the effects of uncertain 
input parameters around a base case point therefore, the choice of base case is crucial for 



164 

 

the analysis [293]. The simplicity in application and result interpretation is the main 
advantages of this method. This method also frequently requires less simulation runs 
compared to other sensitivity analysis methods such as factorial and differential 
sensitivity analysis methods (For more details about these techniques, please refer to 
[292]). However, considering input parameters without their interaction with other 
input parameters and reducing the exploration space are the main limitations that 
hinder the application of this method [293]. Nevertheless [292] has proposed that strict 
adherence to the sensitivity method may prevent researchers from putting enough focus 
on the determination of main parameters to which the model is most sensitive. In this 
chapter the local sensitivity analysis is deployed to determine which input parameters 
exert the most effect on the model results. 

7.3 Setup procedure 

Figure  7-1 shows the typical schematic flow diagram for the implementation of the 
local sensitivity analysis in the energy simulation models [293]. This general 
methodology is also adopted for this research. 

Determine the variations of input variables

Create energy models based on input variations

Run energy models

Collect simulation results

Run sensitivity analysis

Presentation of sensitivity analysis results

Determine input variables 

 
Figure  7-1 Typical schematic flow diagram for the local sensitivity analysis in the energy simulation 

models 

Table  7-1 shows the list of the selected input parameters for the sensitivity analysis, 
including range (Section  6.6.4), distance-to-green-parcels (DTGPs) (Section  6.6.4), 
electricity-price (Section  6.6.3 and Table  6-8) and AMBRI-energy/power-capacity (AEPC) 
(Table  6-5 and Table  6-8). After determining the input parameters for sensitivity 
analysis, the main challenge is to specify the range and values of  each input. According 
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to [293] the range and values of the input parameters are mainly dependent on a 
probability distribution of the parameters and purposes of the sensitivity analysis. Since 
in this research the selected parameters have continuous uniform distributions, it is 
presumed that all the values on the possible ranges of input parameter have equal 
probability and accordingly the values are chosen in equal distance over the possible 
range of the parameter. The sensitivity analysis usually involves a large number of runs 
and is usually the most time-consuming part in the analysis process; however, it also 
includes many independent runs that the parallel analysis can expedite significantly the 
calculation process. In this research two virtual machines with specifications of 12 core 
3.33GHz processor and 32GB memory are deployed to run one series of simulations 
simultaneously (12 models in parallel). While it only took 6 days to finish one series of 
simulations, it would require at least two months with one normal office desktop. In 
total all required sensitivity tests are performed in 55 days.  

Table  7-1 Input parameter values applied in the urban energy modules sensitivity analysis 

Parameters Unit 
Base 
value 

RET′s configurations 
Test values Probability distributions PV-

panel 
Wind 

turbine 
Combined 

range m 80 × × × 0, 15, 30,45, 65, 110, 150 
Continuous uniform 
distribution 

distance-to-green-
parcels (DTGPs) 

m 150 × × × 
0, 75, 125, 175, 200, 225, 300, 
500, 1000 

Continuous uniform 
distribution 

electricity-price €/kWh 0.22 × × × 0.08, 0.17, 0.28 
Continuous uniform 
distribution 

AMBRI-
energy/power-
capacity (AEPC) 

kWh/kW (200/50) × × × 

(400/100) , (800/200)  
(1600/400), (3200/800)  
(5646/1500), (6400/1600), 
(12800/3200), (56465/25000) 

Continuous uniform 
distribution 

In this research the sensitivity test results are analyzed in the following ways: 

i. Subjective analysis, such as visually examining results; 
ii. 𝑵𝑵𝒑𝒑𝒑𝒑𝒑𝒑𝒔𝒔𝒓𝒓𝑴𝑴_𝒑𝒑𝒓𝒓𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒕𝒕𝒊𝒊𝒓𝒓𝑴𝑴_𝒑𝒑𝒓𝒓𝒑𝒑𝒓𝒓𝒓𝒓𝒊𝒊𝒑𝒑𝒊𝒊𝒑𝒑𝑴𝑴𝒕𝒕 (𝒑𝒑) which can be determined by calculating 

a simple correlation analysis on the values of input and output. 
iii. The 𝒊𝒊𝒎𝒎𝒑𝒑𝒓𝒓𝒑𝒑𝒕𝒕𝒑𝒑𝑴𝑴𝒑𝒑𝒑𝒑_𝒊𝒊𝑴𝑴𝒅𝒅𝒑𝒑𝑴𝑴 (𝑰𝑰) of parameters which, according to [292] is equal to 

the variance of the parameter outputs, 𝑬𝑬𝑿𝑿𝟐𝟐 , divided by the variance of the 
parameter inputs, 𝑬𝑬𝒀𝒀𝟐𝟐 , i.e. 

𝑰𝑰 =
𝑬𝑬𝑿𝑿𝟐𝟐 

𝑬𝑬𝒀𝒀𝟐𝟐  Equation  7-1 

iv. The 𝒔𝒔𝒑𝒑𝑴𝑴𝒔𝒔𝒊𝒊𝒕𝒕𝒊𝒊𝒑𝒑𝒊𝒊𝒕𝒕𝒅𝒅_𝒊𝒊𝑴𝑴𝒅𝒅𝒑𝒑𝑴𝑴 (𝑬𝑬𝑰𝑰) of parameters which following [292] is equal to the 
output difference when varying one input parameter from its minimum value to 
its maximum value. The 𝑬𝑬𝑰𝑰 is calculated by, 

𝑬𝑬𝑰𝑰 =
𝑫𝑫𝑴𝑴𝒑𝒑𝑴𝑴 − 𝑫𝑫𝑴𝑴𝒊𝒊𝑴𝑴

𝑫𝑫𝑴𝑴𝒑𝒑𝑴𝑴
 Equation  7-2 

Where 𝑫𝑫𝑴𝑴𝒊𝒊𝑴𝑴 is the minimum output value and 𝑫𝑫𝑴𝑴𝒑𝒑𝑴𝑴 is the maximum output 
value resulting from varying the input parameter over its entire range. 
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The values of the input parameters for the sensitivity analysis of the three 
configurations of RET's are demonstrated in Table  7-1. The analysis is applied at the 
district in the north of the Eindhoven municipality. The same inputs that were used in 
the preceding chapters for running the supply and storage modules are also deployed 
here unless otherwise stated. The analysis is performed based on the data that have been 
collected for the period between 1 January 2014 and 31 December 2014. The detailed 
descriptions of the given district and input datasets including supply and demand 
profiles and meteorological datasets have been presented in Sections  4.5,  5.7 and  5.8. 

7.4 PV-panel application 

In this application the fully PV-panel configuration on the supply side (see Section  5.8, 
scenario I for more details) along with the FDS storage types (see Section  6.9.2 for more 
details) are taken as the base case for the input parameters. The expectation is that the 
input parameters affect the output parameters as follows:  

• Increasing the range value results in the increasing in the distance which 
parcels can interact with their neighbors. This increases the global-benefit 
(GB) and decreases the cost-of-storage (COS). 

• Increasing the value of the distance-to-green-parcels (DTGPs) parameter 
results in the increasing in the allowed maximum distance between parcels 
and the nearest green-parcel to install high capacity storage technologies. 
This increases the GB and decreases the COS. 

• Increasing the electricity-price results in the increasing in the benefit that 
storage technologies can acquire which accordingly increase the GB. As 
Equation  6-4 indicates electricity-price is a major determinant of the storage 
technologies benefit determination (see Section  6.6.3 for more details). 

•  Increasing the AMBRI-energy/power-capacity results in the increasing in the 
global-charge/discharge. 

Figure  7-2 shows the effect of the changing range parameter on the GB and COS for 
the PV-panel application. The graphs reveal that there are statistically significant 
correlations between changing range parameter and GB and COS. The range parameter 
(for the range ≤ ~80m) has a positive correlation of 𝟎𝟎.𝟖𝟖𝟐𝟐𝟐𝟐 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑𝟏𝟏) with the GB 
which shows that an increase in the range parameter leads to the increase in the GB value 
as well. There is also a statistically significant but negative correlation between the range 
(for the range ≤ ~80m) and the COS (𝒑𝒑 = − 𝟎𝟎.𝟖𝟖𝟏𝟏𝟏𝟏, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑𝟐𝟐). As demonstrated in 
Figure  7-2, for this parameter the logarithmic line is a best-fit curved line that can 
describe the changes in the graphs. Note that the 𝑹𝑹𝟐𝟐 values for GB and COS graphs are 
0.87 and 0.86 respectively, which are relatively good fit of the lines to the data. Figure  7-2 
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shows that the rate of output changes for the range ≤ ~80m is increasing or decreasing 
gradually and then levels out. This can be explained by the fact that increasing the range 
value (in this example until 80m) leads to the increasing in the distance which parcels 
can interact with their neighbors. This consequently increases the chance that parcels 
can share storage technologies with parcels with better performance (in terms of spatial 
conditions and surplus/shortage load profiles) that in result generate higher GB and 
reduce the total COS. However, after the given range, other spatial constraints such as 
road restriction limit the interaction between parcels to share storage technologies. This 
means that after this threshold increasing the range parameter does not have a 
significant effect on the storage configuration.  

  
Figure  7-2 Effects of changing range parameter on the (left) global-benefit (GB) and (right) cost-of-

storage (COS) for the PV-panel application 

Figure  7-3 (left) shows that the storage configurations are also sensitive to the 
changes in the range parameter for the PV-panel application.  

  
Figure  7-3 Effects of changing range parameter on the (left) number of the installed storage types in 

the study area and (right) number of connected parcels to the storage types for the PV-panel application 

As it demonstrates while with increasing the range parameter (for the range ≤ ~80m) 
the share of the high capacity storage type in the study area (in this case AMBRI) will 
increase (𝒑𝒑 = 𝟎𝟎.𝟖𝟖𝟏𝟏𝟖𝟖, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟐𝟐), the number of deployed building scale storage type 
(YOE) will decrease dramatically with a correlation coefficient of −𝟎𝟎.𝟖𝟖𝟏𝟏𝟏𝟏 (𝒑𝒑 <  𝟎𝟎.𝟎𝟎𝟑𝟑𝟐𝟐). 
This can be explained by the fact that with increasing the range distance, parcels have a 
better chance to share high capacity storage technologies. Also with increasing the range 
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parameters (for the range ≤ ~80m) the total number of storage technologies will decrease 
(𝒑𝒑 = −𝟎𝟎.𝟖𝟖𝟏𝟏𝟏𝟏,𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑𝟖𝟖). On the other hand Figure  7-3 (right) demonstrates that the 
number of parcels connected to the storage types is also sensitive to the changes in the 
range parameter. The correlation between the number of parcels connected to the YOE 
batteries with the range parameter (for the range ≤ ~80m) is −𝟎𝟎.𝟖𝟖𝟖𝟖𝟐𝟐 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟐𝟐𝟑𝟑). Also 
by increasing the range parameter the number of parcels connected to the high capacity 
storage batteries (AMBRI) will increase with a correlation coefficient of 𝟎𝟎.𝟖𝟖𝟖𝟖𝟏𝟏 (𝒑𝒑 <

 𝟎𝟎.𝟎𝟎𝟐𝟐𝟐𝟐). Comparably with the GB and COS change trends, for the storage configurations 
also after the range ≥ ~80m the changing trends will significantly decrease. 

Figure  7-4 Effects of changing range parameter on the generated storage solutions of the study area 
for the PV-panel application: (left) range = 15m, (right) range = 150m 

Figure  7-5 Effects of the changing distance-to-green-parcels (DTGPs) parameter on the (left) global-
benefit (GB) and (right) cost-of-storage (COS) for the PV-panel application 

Figure  7-5 shows the effect of the changing DTGPs parameters on the GB and COS. 
The graphs show that there is a statistically significant positive correlation between 
changing DTGPs parameters (for the DTGPs ≤ 250m) and GB (𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟑𝟑𝟐𝟐, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟐𝟐) 
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which shows that an increase in the DTGPs parameter leads to the increase in the GB 
value as well. There is also a statistically significant but negative correlation between the 
DTGPs parameter (for the DTGPs ≤ 250m) and the COS (𝒑𝒑 = − 𝟎𝟎.𝟏𝟏𝟐𝟐𝟑𝟑, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟑𝟑). As 
demonstrated in Figure  7-5, for this input parameter the logarithmic line is a best-fit 
curved line that can describe the changes in the graphs. Note that the 𝑹𝑹𝟐𝟐 values are 0.94 
and 0.95 which are relatively good fit of the lines to the data. Figure  7-5 shows that the 
rate of output changes for the DTGPs ≤ 250m is increasing or decreasing at a steady rate 
and then levels out. This can be explained by the fact that for the adopted study area the 
maximum distance between parcels and the nearest green-parcel to install high capacity 
storage types is around 250m which means after this threshold increasing the DTGPs 
does not have a significant effect on the storage configuration. 

Figure  7-6 (left) shows that the installed storage configurations are also influenced by 
the gradual changes in the DTGPs parameter. As the graph demonstrates with increasing 
the DTGPs parameter (for the DTGPs ≤ 250m) the share of the high capacity storage 
types (AMBRI) will increase correspondingly. This is due to the fact that with increasing 
the DTGPs distance, it leads to the increasing in the allowed maximum distance between 
parcels and the nearest green-parcel to install high capacity storage technologies which 
accordingly it allows more parcels to adopt higher capacity storage types. While the 
number of AMBRI storage types has a statistically significant correlation of 𝟎𝟎.𝟏𝟏𝟖𝟖𝟖𝟖 (𝑵𝑵 <

𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎) with the DTGPs parameter, the correlation coefficient between the DTGPs and 
the number of building level batteries (YOE) is −𝟎𝟎.𝟏𝟏𝟑𝟑𝟖𝟖 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟐𝟐). A similar negative 
correlation can also be seen between the DTGPs parameter and the total number of 
storage technologies (𝒑𝒑 = − 𝟎𝟎.𝟏𝟏𝟐𝟐𝟏𝟏,𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟑𝟑). 

  
Figure  7-6 Effects of changing distance-to-green-parcels (DTGPs) parameter on the (left) number of 

the installed storage types in the study area and (right) number of connected parcels to the storage types 
for the PV-panel application 

Comparing the Figure  7-3 and Figure  7-6 reveals that the rate of changes for the 
DTGPs parameter is noticeably higher than range parameter. This implies that the 
storage configuration is more sensitive to the changes in the DTGPs parameter. Also 
with increasing the DTGPs parameters, the total number of storages will decrease more 
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steeply than range parameter. On the other hand Figure  7-6 (right) shows that the 
number of parcels connected to the storage types is also sensitive to the changes in the 
DTGPs parameter. The correlation between the numbers of parcels connected to the 
YOE batteries with the DTGPs parameter is -0.989 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎𝟎𝟎). By increasing the 
DTGPs parameter the number of parcels connected to the high capacity storage batteries 
(AMBRI) will also increase (𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟖𝟖𝟖𝟖,𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎). Comparably with the GB and COS 
change trends, for the storage configurations also after the DTGPs ≥ 250m the changing 
trends will significantly decrease. 

Figure  7-7 Effects of changing distance-to-green-parcels (DTGPs) parameter on the generated storage 
solutions of the study area for the PV-panel application (left) DTGPs = 75m (right) DTGPs = 225m 

Figure  7-8 Effects of the changing electricity-price parameter on the (left) global-benefit (GB) and 
(right) cost-of-storage (COS) for the PV-panel application 

Figure  7-8 (left) shows the effect of the changing electricity-price parameter on the 
GB. The graph demonstrates that there is a statistically significant positive correlation 
between changing electricity-price and GB (𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟏𝟏𝟏𝟏, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟏𝟏) which shows that an 
increase in the electricity-price leads to the increase in the GB value as well. As 
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demonstrated in the graph, for this parameter the linear regression model is a best-fit 
line that describes the change in the graph. Note that the 𝑹𝑹𝟐𝟐  value is 0.997 which is 
highly good fit of the line to the data. As demonstrated in Figure  7-8 (right) no 
statistically significant correlation was found between electricity-price and COS in this 
application.  

  
Figure  7-9 Effects of the changing electricity-price parameter on the (left) number of the installed 

storage types in the study area and (right) number of connected parcels to the storage types for the PV-
panel application 

Figure  7-9 (left) shows that the installed storage configurations are also influenced by 
the electricity-price parameter. As the graph shows with increasing the electricity-price 
the share of the high capacity storage types (AMBRI) and the total number of storage 
technologies will increase correspondingly. While the number of AMBRI storage types 
has a statistically significant correlation of 𝟎𝟎.𝟏𝟏𝟏𝟏𝟏𝟏 (𝑵𝑵 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟖𝟖) with the electricity-price, 
the correlation coefficient between the electricity-price and the total number of storage 
technologies is  𝟎𝟎.𝟏𝟏𝟐𝟐𝟐𝟐 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟐𝟐).  Figure  7-9 (right) shows that the number of parcels 
connected to the storage types is also sensitive to the changes in the electricity-price 
parameter. The correlation between the number of parcels connected to the YOE 
batteries with the electricity-price parameter is −𝟎𝟎.𝟏𝟏𝟏𝟏𝟖𝟖 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟐𝟐). On the other hand 
by increasing the electricity-price the number of parcels connected to the AMBRI 
batteries will also increase (𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟐𝟐𝟏𝟏, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟖𝟖). 

 Figure  7-10 (left) reveals that there is a statistically significant correlation between 
changing AMBRI-energy/power-capacity (AEPC) and global-charge/discharge (GCD) (for 
the energy capacity ≤ ~56465kWh). The AEPC has a positive correlation of 𝟎𝟎.𝟖𝟖𝟐𝟐 

(𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟏𝟏) with the GCD which shows that an increase in the AEPC leads to the 
increase in the GCD as well. As demonstrated, in this case also the logarithmic line is a 
best-fit curved line that describes the changes. Note that the 𝑹𝑹𝟐𝟐 value is 0.84 which is 
relatively good fit of the line to the data. This trend can be explained by the fact that by 
increasing the AEPC the amount of GCD will also increase due to the increase in the 
capacity of AMBRI storage technology. However, when the capacity reaches 56465kWh, 
all total storable surplus energy of the study area has already been stored and increasing 
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the storage capacity does not have any effect on the GCD of the study area.  Figure  7-10 
(right) also shows that the number of parcels connected to the storage types is also 
sensitive to the changes in the AEPC. The correlation between the number of parcels 
connected to the YOE batteries with the AEPC is −𝟎𝟎.𝟖𝟖𝟖𝟖𝟏𝟏 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟖𝟖). On the other 
hand by increasing the AEPC the number of parcels connected to the AMBRI batteries 
will also increase (𝒑𝒑 = 𝟎𝟎.𝟖𝟖𝟎𝟎𝟖𝟖,𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟐𝟐𝟖𝟖). No statistically significant relationship was 
found between AEPC and COS and number of the installed storage types in this 
application. 

  
 Figure  7-10 Effects of the changing AMBRI-energy/power-capacity (AEPC) on the (left) global-

charge/discharge (GCD) and (right) number of connected parcels to the storage types for the PV-panel 
application 

Table  7-2 Correlation of the input parameters with the GB for the PV-panel application 

Input parameters Range Pearson_correlation Sig. (2-tailed) Importance_index (II) Sensitivity_index (SI) 
range ≤  80 m 0.852  0.031 35548584 6.54 
DTGPs ≤ 250 m 0.932  0.002 4389102 4 
electricity-price  0.999 0.001 538808495 1.8 

Finally, Table  7-2 summarize the correlation coefficients between input parameters 
and the GB of the PV-panel application. As shown above, all parameters have a 
significant relationship with the GB. As expected, all input parameters have a direct 
relationship with the GB which supports the expected preliminary hypotheses. Based on 
the 𝒊𝒊𝒎𝒎𝒑𝒑𝒓𝒓𝒑𝒑𝒕𝒕𝒑𝒑𝑴𝑴𝒑𝒑𝒑𝒑_𝒊𝒊𝑴𝑴𝒅𝒅𝒑𝒑𝑴𝑴 (𝑰𝑰𝑰𝑰) the most important parameter is electricity-price, which 
implies that changes in this parameter has the largest effect on the model outputs. 
However the 𝒔𝒔𝒑𝒑𝑴𝑴𝒔𝒔𝒊𝒊𝒕𝒕𝒊𝒊𝒑𝒑𝒊𝒊𝒕𝒕𝒅𝒅_𝒊𝒊𝑴𝑴𝒅𝒅𝒑𝒑𝑴𝑴 (𝑬𝑬𝑰𝑰) indicates that the range parameter has the largest 
changes over its entire range. 

7.5 Wind turbine application 

In this application the fully wind turbine configuration on the supply side (see 
Section  5.8, scenario III for more details) along with the FDS storage types (see 
Section  6.9.2 for more details) are taken as a base case for the input parameters. The 
same expectations will be examined as for the previous applications. 
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Figure  7-11 demonstrates the effect of the changing range parameter on the GB and 
COS for the wind turbine application. The graphs show that there are statistically 
significant correlations between changing range parameter and GB and COS. The range 
parameter (for the range ≤ ~80m) has a positive correlation of 𝟎𝟎.𝟖𝟖𝟏𝟏𝟏𝟏 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟏𝟏) with 
the GB which shows that an increase in the range parameter leads to the increase in the 
GB value as well. There is also a statistically significant but negative correlation between 
the range (for the range ≤ ~80m) and the COS (𝒑𝒑 = − 𝟎𝟎.𝟖𝟖𝟏𝟏𝟖𝟖, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑𝟑𝟑). As 
demonstrated in Figure  7-18, for this parameter the logarithmic line is a best-fit curved 
line that can describe the changes in the graphs (for more details about the model 
behavior with increasing the GB parameter see Section  7.4). Note that the 𝑹𝑹𝟐𝟐 values for 
GB and COS graphs are 0.94 and 0.86 respectively, which are relatively good fit of the 
lines to the data. 

  
Figure  7-11 Effects of changing range parameter on the (left) global-benefit (GB) and (right) cost-of-

storage (COS) for the wind turbine application 

  
Figure  7-12 Effects of changing range parameter on the (left) number of the installed storage types in 
the study area and (right) number of connected parcels to the storage types for the wind turbine 

application 

Figure  7-12 (left) shows that the installed storage configurations are also influenced 
by the gradual changes in the range parameter. As the graph shows with increasing the 
range (for the range ≤ ~80m) the share of the high capacity storage types (AMBRI) will 
increase correspondingly. While the number of AMBRI storage types has a statistically 
significant correlation of 𝟎𝟎.𝟏𝟏𝟎𝟎𝟐𝟐 (𝑵𝑵 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟏𝟏) with the range parameter, the correlation 
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coefficient between the range and the number of building level batteries (YOE) is 
− 𝟎𝟎.𝟖𝟖𝟏𝟏𝟐𝟐 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑𝟖𝟖). A similar negative correlation can also be seen between the range 
parameter and the total number of storage technologies (𝒑𝒑 = − 𝟎𝟎.𝟖𝟖𝟐𝟐𝟖𝟖, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟑𝟑). On 
the other hand Figure  7-12 (right) shows that the number of parcels connected to the 
storage types is also sensitive to the changes in the range parameter. The correlation 
between the number of parcels connected to the YOE batteries with the range parameter 
(for the range ≤ ~80m) is −𝟎𝟎.𝟏𝟏𝟎𝟎𝟏𝟏 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟏𝟏). By increasing the range parameter the 
number of parcels connected to the high capacity storage batteries (AMBRI) will also 
increase (𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟐𝟐, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟏𝟏). Comparably with the GB and COS change trends, for 
the storage configurations also after the range ≥ ~ 80m the changing trends will 
significantly decrease. 

Figure  7-13 shows the effect of the changing DTGPs parameters on the GB and COS. 
The graphs show that there is a statistically significant positive correlation between 
changing DTGPs parameters (for the DTGPs ≤ 250m) and GB (𝒑𝒑 = 𝟎𝟎.𝟖𝟖𝟏𝟏𝟏𝟏, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑𝟑𝟑) 
which shows that an increase in the DTGPs parameter leads to the increase in the GB 
value as well. There is also a statistically significant but negative correlation between the 
DTGPs parameter (for the DTGPs ≤ 250m) and the COS (𝒑𝒑 = − 𝟎𝟎.𝟖𝟖𝟐𝟐𝟖𝟖, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟏𝟏). As 
demonstrated in Figure  7-13 for this input parameter the logarithmic line is a best-fit 
curved line that can describe the changes in the graphs (for more details about the model 
behavior with increasing the DTGPs parameter see Section  7.4). Note that the 𝑹𝑹𝟐𝟐 values 
for GB and COS graphs are 0.97 and 0.98 respectively, which are relatively good fit of the 
lines to the data.   

  
Figure  7-13 Effects of the changing distance-to-green-parcels (DTGPs) parameter on the (left) global-

benefit (GB) and (right) cost-of-storage (COS) for the wind turbine application 

Figure  7-14 (left) shows that the installed storage configurations are also influenced 
by the gradual changes in the DTGPs parameter. As the graph demonstrates with 
increasing the DTGPs parameter (for the DTGPs ≤ 250m) the share of the high capacity 
storage types (AMBRI) will increase correspondingly. While the number of AMBRI 
storage types has a statistically significant correlation of 𝟎𝟎.𝟏𝟏𝟖𝟖𝟏𝟏 (𝑵𝑵 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎) with the 
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DTGPs parameter, the correlation coefficient between the DTGPs and the number of 
building level batteries (YOE) is − 𝟎𝟎.𝟖𝟖𝟐𝟐𝟐𝟐 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟏𝟏). A similar negative correlation can 
also be seen between the DTGPs parameter and the total number of storage technologies 
(𝒑𝒑 = − 𝟎𝟎.𝟖𝟖𝟏𝟏𝟐𝟐, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟐𝟐𝟖𝟖). On the other hand Figure  7-14 (right) shows that the 
number of parcels connected to the storage types is also sensitive to the changes in the 
DTGPs parameter. The correlation between the number of parcels connected to the YOE 
batteries with the DTGPs parameter is −𝟎𝟎.𝟏𝟏𝟖𝟖𝟏𝟏 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎). By increasing the DTGPs 
parameter the number of parcels connected to the high capacity storage batteries 
(AMBRI) will also increase (𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟖𝟖𝟐𝟐, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎). Comparably with the GB and COS 
change trends, for the storage configurations also after the DTGPs ≥ 250m the changing 
trends will significantly decrease. Comparing the Figure  7-12 and Figure  7-14 reveals 
that also in this application the rate of changes for the DTGPs parameter is noticeably 
higher than range parameter. This implies that the storage configuration is more 
sensitive to the changes in the DTGPs parameter than GB. Also with increasing the 
DTGPs parameters, the total number of storages will decrease more steeply than range 
parameter. The number of YOE batteries and total number of storage technologies have 
correlations of -0.993 (𝑵𝑵 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎) and −𝟎𝟎.𝟏𝟏𝟏𝟏𝟏𝟏 (𝑵𝑵 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎) with the GB respectively 
which again corroborate the beneficial effect of urban scale application of storage 
technologies. 

  
Figure  7-14 Effects of changing distance-to-green-parcels (DTGPs) parameter on the (left) number of 

the installed storage types in the study area and (right) number of connected parcels to the storage types 
for the wind turbine application 

Figure  7-15 (left) shows the effect of the changing electricity-price parameters on the 
GB and COS. The graphs show that there are statistically significant positive correlations 
between changing electricity-price parameters and GB and COS (𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟏𝟏𝟖𝟖, 𝒑𝒑 <

𝟎𝟎.𝟎𝟎𝟎𝟎𝟏𝟏 𝒑𝒑𝑴𝑴𝒅𝒅 𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟏𝟏𝟖𝟖, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟏𝟏 𝑔𝑔𝑎𝑎𝑠𝑠𝑎𝑎𝑎𝑎𝑐𝑐𝑡𝑡𝑖𝑖𝑣𝑣𝑎𝑎𝑝𝑝𝑑𝑑) which shows that an increase in the 
electricity-price parameter leads to the increase in the GB and COS values as well. As 
demonstrated in Figure  7-15 for this parameter the linear regression model is a best-fit 
line that describes the change in the graph. Note that the 𝑹𝑹𝟐𝟐 values for GB and COS 
graphs are 0.992 and 0.991 respectively, which are highly good fit of the lines to the data. 
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Figure  7-16 (left) shows that the installed storage configurations are also influenced by 
the electricity-price parameter. As the graph shows with increasing the electricity-price 
the share of the high capacity storage types (AMBRI) and the total number of storage 
technologies will increase correspondingly. While the number of AMBRI storage types 
has a statistically significant correlation of 1 (𝑵𝑵 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎) with the electricity-price, the 
correlation coefficient between the electricity-price and the total number of storage 
technologies is .𝟏𝟏𝟏𝟏𝟖𝟖 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟐𝟐). No statistically significant correlation was found 
between the number of YOE storage types and electricity-price in this application. 
Figure  7-16 (right) shows that the number of parcels connected to the storage types is 
also sensitive to the changes in the electricity-price parameter. The correlation between 
the number of parcels connected to the YOE batteries with the electricity-price parameter 
is −𝟎𝟎.𝟏𝟏𝟏𝟏𝟐𝟐 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟐𝟐). On the other hand by increasing the electricity-price the number 
of parcels connected to the AMBRI batteries will also increase (𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟏𝟏𝟏𝟏, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟏𝟏). 

  
Figure  7-15 Effects of the changing electricity-price parameter on the (left) global-benefit (GB) and 

(right) cost-of-storage (COS) for the wind turbine application 

  
Figure  7-16 Effects of the changing electricity-price parameter on the (left) number of the installed 

storage types in the study area and (right) number of connected parcels to the storage types for the wind 
turbine application 

Figure  7-17 (left) reveals that there is a statistically significant correlation between 
changing AMBRI-energy/power-capacity (AEPC) and global-charge/discharge (GCD) (for 
the AEPC ≤ ~6400kWh). The AEPC has a positive correlation of 𝟎𝟎.𝟖𝟖𝟐𝟐𝟖𝟖 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑) with 
the GCD which shows that an increase in the AEPC leads to the increase in the GCD as 
well. As demonstrated, in this case also the logarithmic line is a best-fit curved line that 
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describes the changes (for more details about the model behavior with increasing the 
AEPC parameter see Section  7.4). Note that the 𝑹𝑹𝟐𝟐 value is 0.88 which is relatively good 
fit of the line to the data. Figure  7-17 (right) also shows that the number of parcels 
connected to the storage types is also sensitive to the changes in the AEPC. While the 
correlation between the number of parcels connected to the YOE batteries with the 
AEPC is −𝟎𝟎.𝟖𝟖𝟖𝟖𝟏𝟏 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟖𝟖𝟖𝟖), by increasing the AEPC the number of parcels connected 
to the AMBRI batteries will also increase with 𝒑𝒑 = 𝟎𝟎.𝟖𝟖𝟏𝟏𝟖𝟖 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟖𝟖𝟖𝟖). However, neither 
of them is statistically significant. Also, no statistically significant relationship was found 
between AEPC and COS and number of the installed storage types for the wind turbine 
application. 

  
Figure  7-17 Effects of the changing AMBRI-energy/power-capacity (AEPC) on the (left) global-

charge/discharge (GCD) and (right) number of connected parcels to the storage types for the wind turbine 
application 

Finally, Table  7-3 summarize the correlation coefficients between input parameters 
and the GB of the wind turbine application. As shown above, all parameters have a 
significant relationship with the GB. As expected, all input parameters have a direct 
relationship with the GB which supports the expected preliminary hypotheses. For the 
wind turbine application, based on the 𝒊𝒊𝒎𝒎𝒑𝒑𝒓𝒓𝒑𝒑𝒕𝒕𝒑𝒑𝑴𝑴𝒑𝒑𝒑𝒑_𝒊𝒊𝑴𝑴𝒅𝒅𝒑𝒑𝑴𝑴 (𝑰𝑰𝑰𝑰) the most important 
parameter is electricity-price, which implies that changes in this parameter has the largest 
effect on the model outputs. However the 𝒔𝒔𝒑𝒑𝑴𝑴𝒔𝒔𝒊𝒊𝒕𝒕𝒊𝒊𝒑𝒑𝒊𝒊𝒕𝒕𝒅𝒅_𝒊𝒊𝑴𝑴𝒅𝒅𝒑𝒑𝑴𝑴 (𝑬𝑬𝑰𝑰) indicates that DTGPs 
parameter has the largest changes over its entire range. 

Table  7-3 Correlation of the input parameters with the GB for the wind turbine application 

Input parameters Range Pearson_correlation Sig. (2-tailed) Importance_index (II) Sensitivity_index (SI) 
range ≤  80 m 0.814 0.049 31344655 -6.28 
DTGPs ≤ 250 m 0.794 0.033 766534 -7.4 
electricity-price  0.996 0.004 57933666 -1.99 

7.6 Combined application of PV-panel and wind turbine  

In this application the combined configuration of PV-panel and wind turbine on the 
supply side (see Section  5.8, scenario IV for more details) along with the FDS storage 
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types (see Section  6.9.2 for more details) are taken as a base case for the input 
parameters. The same expectations will be examined as for the previous applications. 

Figure  7-18 demonstrates the effect of the changing range parameter on the GB and 
COS for this application. The graphs show that there are statistically significant 
correlations between changing range parameter and GB and COS. The range parameter 
(for the range ≤ ~80m) has a positive correlation of 𝟎𝟎.𝟖𝟖𝟐𝟐𝟏𝟏 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑) with the GB which 
shows that an increase in the range; parameter leads to the increase in the GB value as 
well. There is also a statistically significant but negative correlation between the range 
(for the range ≤ ~80m) and the COS (𝒑𝒑 = − 𝟎𝟎.𝟖𝟖𝟐𝟐𝟖𝟖,𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑). As demonstrated in 
Figure  7-18 for this parameter the logarithmic line is a best-fit curved line that can 
describe the changes in the graphs (for more details about the model behavior with 
increasing the GB parameter see Section  7.4). Note that the 𝑹𝑹𝟐𝟐 values for GB and COS 
graphs are 0.94 and 0.92 respectively, which are highly good fit of the lines to the data.   

  
Figure  7-18 Effects of changing range parameter on the (left) global-benefit (GB) and (right) cost-of-

storage (COS) for the combined application 

Figure  7-19 (left) shows that the installed storage configurations are also influenced 
by the gradual changes in the range parameter.  

  
Figure  7-19 Effects of changing range parameter on the (left) number of the installed storage types 

and (right) number of connected parcels to the storage types for the combined application 

As the graph shows with increasing the range (for the range ≤ ~80m) the share of the 
high capacity storage types (AMBRI) will increase correspondingly. While the number of 
AMBRI storage types has a statistically significant correlation of 𝟎𝟎.𝟖𝟖𝟖𝟖𝟏𝟏 (𝑵𝑵 < 𝟎𝟎.𝟎𝟎𝟐𝟐𝟏𝟏) with 
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the range parameter, the correlation coefficient between the range and the number of 
building level batteries (YOE) is − 𝟎𝟎.𝟖𝟖𝟏𝟏𝟐𝟐 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑𝟏𝟏). A similar negative correlation can 
also be seen between the range parameter and the total number of storage technologies 
(𝒑𝒑 = − 𝟎𝟎.𝟖𝟖𝟑𝟑𝟏𝟏, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑𝟖𝟖). On the other hand Figure  7-19 (right) shows that the 
number of parcels connected to the storage types is also sensitive to the changes in the 
range parameter. The correlation between the number of parcels connected to the YOE 
batteries with the range parameter (for the range ≤ ~80m) is −𝟎𝟎.𝟖𝟖𝟏𝟏𝟎𝟎 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟖𝟖). By 
increasing the range parameter the number of parcels connected to the high capacity 
storage batteries (AMBRI) will also increase (𝒑𝒑 = 𝟎𝟎.𝟖𝟖𝟏𝟏, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟖𝟖). Comparably with 
the GB and COS change trends, for the storage configurations also after the range ≥ ~ 
80m the changing trends will significantly decrease.  

Figure  7-20 shows the effect of the changing DTGPs parameters on the GB and COS. 
The graphs show that there is a statistically significant positive correlation between 
changing DTGPs parameters (for the DTGPs ≤ 250m) and GB (𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟎𝟎𝟏𝟏, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟖𝟖) 

which shows that an increase in the DTGPs parameter leads to the increase in the GB 
value as well. There is also a statistically significant but negative correlation between the 
DTGPs parameter (for the DTGPs ≤ 250m) and the COS (𝒑𝒑 = − 𝟎𝟎.𝟖𝟖𝟏𝟏𝟏𝟏,𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟖𝟖). As 
demonstrated in Figure  7-20, for this input parameter the logarithmic line is a best-fit 
curved line that can describe the changes in the graphs (for more details about the model 
behavior with increasing the DTGPs parameter see Section  7.4). Note that the 𝑹𝑹𝟐𝟐 values 
for GB and COS graphs are 0.97 and 0.97 respectively, which are relatively good fit of the 
lines to the data.  

  
Figure  7-20 Effects of the changing distance- to-green-parcels (DTGPs) parameter on the (left) global-

benefit (GB) and (right) cost-of-storage (COS) for the combined application 

Figure  7-21 (left) shows that the installed storage configurations are also influenced 
by the gradual changes in the DTGPs parameter. As the graph demonstrates with 
increasing the DTGPs parameter (for the DTGPs ≤ 250m) the share of the high capacity 
storage types (AMBRI) will increase correspondingly. While the number of AMBRI 
storage types has a statistically significant correlation of 𝟎𝟎.𝟏𝟏𝟖𝟖𝟖𝟖 (𝑵𝑵 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎) with the 
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DTGPs parameter, the correlation coefficient between the DTGPs and the number of 
building level batteries (YOE) is − 𝟎𝟎.𝟏𝟏𝟏𝟏𝟐𝟐 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟏𝟏). A similar negative correlation can 
also be seen between the DTGPs parameter and the total number of storage technologies 
(𝒑𝒑 = − 𝟎𝟎.𝟖𝟖𝟏𝟏𝟖𝟖, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟖𝟖). On the other hand Figure  7-21 (right) shows that the 
number of parcels connected to the storage types is also sensitive to the changes in the 
DTGPs parameter. The correlation between the number of parcels connected to the YOE 
batteries with the DTGPs parameter is −𝟎𝟎.𝟏𝟏𝟖𝟖𝟐𝟐 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎). By increasing the DTGPs 
parameter the number of parcels connected to the high capacity storage batteries 
(AMBRI) will also increase (𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟖𝟖𝟖𝟖, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎). Comparably with the GB and COS 
change trends, for the storage configurations also after the DTGPs ≥ 250m the changing 
trends will significantly decrease. Comparing the Figure  7-3 and Figure  7-6 reveals that 
the rate of changes for the DTGPs parameter is noticeably higher than range parameter. 
This implies that the storage configuration is more sensitive to the changes in the DTGPs 
parameter. Also with increasing the DTGPs parameters, the total number of storages will 
decrease more steeply than range parameter. The numbers of AMBRI and YOE storage 
technologies have correlations of 𝟎𝟎.𝟏𝟏𝟎𝟎 (𝑵𝑵 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟖𝟖)  and −𝟎𝟎.𝟏𝟏𝟏𝟏𝟏𝟏 (𝑵𝑵 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎) with the 
GB respectively. 

  
Figure  7-21 Effects of changing distance-to-green-parcels (DTGPs) parameter on the (left) number of 

the installed storage types in the study area and (right) number of connected parcels to the storage types 
for the combined application 

Figure  7-22 shows the effect of the changing electricity-price parameters on the GB 
and COS. The graphs show that there are statistically significant positive correlations 
between changing electricity-price parameters and GB and COS 
(𝒑𝒑 = 𝟏𝟏, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟎𝟎 𝒑𝒑𝑴𝑴𝒅𝒅 𝒑𝒑 = 𝟎𝟎.𝟏𝟏𝟖𝟖𝟐𝟐, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟑𝟑𝟐𝟐 𝑔𝑔𝑎𝑎𝑠𝑠𝑎𝑎𝑎𝑎𝑐𝑐𝑡𝑡𝑖𝑖𝑣𝑣𝑎𝑎𝑝𝑝𝑑𝑑) which shows that an 
increase in the electricity-price parameter leads to the increase in the GB and COS values 
as well. As demonstrated for this parameter the linear regression model is a best-fit line 
that describes the change in the graph. Note that the 𝑹𝑹𝟐𝟐 values for GB and COS graphs 
are 0.999 and 0.931 respectively, which are highly good fit of the lines to the data. 
Figure  7-23 (left) shows that the installed storage configurations are also influenced by 
the electricity-price parameter. As the graph shows with increasing the electricity-price 
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the share of the high capacity storage types (AMBRI) and the total number of storage 
technologies will increase correspondingly. While the number of AMBRI storage types 
has a statistically significant correlation of 𝟎𝟎.𝟏𝟏𝟖𝟖𝟑𝟑 (𝑵𝑵 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟖𝟖) with the electricity-price, 
the correlation coefficient between the electricity-price and the total number of storage 
technologies is 0. 𝟏𝟏𝟐𝟐𝟖𝟖 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟑𝟑).  No significant correlation was found between the 
number of YOE storage types and electricity-price in this application. Also Figure  7-23 
(left) shows that no statistically significant relationship was found between electricity-
price and the number of connected parcels to the storage types in this application. 

  
Figure  7-22 Effects of the changing electricity-price parameter on the (left) global-benefit (GB) and 

(right) number of the installed storage types in the study area for the combined application 

  
Figure  7-23 Effects of the changing electricity-price parameter on the (left) number of the installed 

storage types in the study area and (right) number of connected parcels to the storage types for the 
combined application 

  
Figure  7-24 Effects of the changing AMBRI-energy/power-capacity (AEPC) on the (left) global-

charge/discharge (GCD) and (right) number of connected parcels to the storage types for the combined 
application 
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Figure  7-24 (left) reveals that there is a statistically significant correlation between 
changing AMBRI-energy/power-capacity (AEPC) and global-charge/discharge (GCD) (for 
the AEPC ≤ ~6400kWh). The AEPC has a positive correlation of 𝟎𝟎.𝟖𝟖𝟏𝟏𝟏𝟏 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟐𝟐) with 
the GCD which shows that an increase in the AEPC leads to the increase in the GCD as 
well. As demonstrated, in this case also the logarithmic line is a best-fit curved line that 
describes the changes (for more details about the model behavior with increasing the 
AEPC parameter see Section  7.4). Note that the 𝑹𝑹𝟐𝟐 value is 0.91 which is relatively good 
fit of the line to the data. No statistically significant relationship was found between 
AEPC and number of the installed storage types and number of parcels connected to the 
storage types in this application. 

Table  7-4 Correlation of the input parameters with the global-benefit (GB) for the combined 
application 

Input parameters Range Pearson_correlation Sig. (2-tailed) Importance_index (II) Sensitivity_index (SI) 
range ≤  80 m 0.854 0.03 34368921 11.98 
DTGPs ≤  250 m 0.901 0.006 865149 7.36 
electricity-price  1 0.000 382880050 2.48 

Finally, Table  7-4 summarize the correlation coefficients between input parameters 
and the GB of the combined application. As shown above, all parameters have a 
significant relationship with the GB. As expected, all input parameters have a direct 
relationship with the GB which supports the expected preliminary hypotheses. For this 
application, based on the 𝒊𝒊𝒎𝒎𝒑𝒑𝒓𝒓𝒑𝒑𝒕𝒕𝒑𝒑𝑴𝑴𝒑𝒑𝒑𝒑_𝒊𝒊𝑴𝑴𝒅𝒅𝒑𝒑𝑴𝑴 (𝑰𝑰𝑰𝑰) the most important parameter is 
electricity-price, which implies that changes in this parameter has the largest effect on the 
model outputs. However the 𝒔𝒔𝒑𝒑𝑴𝑴𝒔𝒔𝒊𝒊𝒕𝒕𝒊𝒊𝒑𝒑𝒊𝒊𝒕𝒕𝒅𝒅_𝒊𝒊𝑴𝑴𝒅𝒅𝒑𝒑𝑴𝑴 (𝑬𝑬𝑰𝑰) indicates that the range parameter 
has the largest changes over its entire range. 

7.7 Discussion 

Figure  7-25 compares the effect of the changing range and DTGPs parameters on the 
GB for all three RET's applications. As the graphs show for both parameters while the 
fully PV-panel application has the highest GB, the wind turbine application generates the 
lowest benefit. This can be explained largely by the fact that since the electricity 
production of the PV-panels has less fluctuations comparing with the wind turbines and 
electricity has more stable production, accordingly PV-panels surplus electricity can be 
stored efficiently in the storage technologies and generates higher benefit (Figure  5-6 and 
Figure  7-26). Although still part of the generated electricity, especially in the summer 
time and during the supply peak hours are wasted since the production rate is higher 
than the storage power capacity threshold. On the other hand, as the wind turbine 
generation has higher volatility comparing with the PV-panels (for more details about 
the PV-panel and wind turbine yearly generation fluctuations see Section  5.8) and since 
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often the electricity generation of the wind turbines in the supply peak hours is higher 
than the power capacity of the storage technologies, therefore most of the surplus 
electricity cannot be stored in the storage technologies and is wasted (Figure  7-26). The 
graph also reveals that the GB of the PV-panel application for most of the range and 
DTGPs values are positive. However the wind turbine application has a negative GB over 
the entire range and DTGPs ranges which implies the better performance of the PV-
panels for storing excess energy. Comparing the two graphs also discloses that the 
DTGPs parameter has higher effect on the GB of the applications than range parameter. 

  
Figure  7-25 Comparing the effect of the input parameters on the renewable applications global-

benefit (GB); (left) range parameter and (right) distance-to-green-parcels (DTGPs) 

 

 
Figure  7-26 Global-surplus/outage and charge/discharge graphs of (top) PV-panels and (bottom) wind 
turbines in hourly resolution for the FDS storage types with the AMBRI-energy/power-capacity of 

200kWh/50kW 

Figure  7-27 (left) compares the effect of the changing electricity-price parameter on 
the GB of three applications of RET′s. The graph shows that the PV-panel regression line 
slope is significantly higher than other applications which indicates it is more sensitive to 
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the changes in the electricity-price parameter (Here if we increase the electricity-price 
parameter 1¢/kWh then the PV-panel GB will increase 23183€ versus 19560€ and 7584€ 
for the combined and wind turbine applications respectively). Note that here again the 
GB of the wind turbine application for the electricity-price values between 8-28¢/kWh is 
negative. However, for the PV-panel application the GB is positive for the rates higher 
than 17.21¢/kWh. This indicates how the electricity price can influence the economic 
feasibility of storage technologies for different application of RET′s.  

  
Figure  7-27 Comparing the effects of the input parameters on the RET applications; (left) electricity-

price on the GB and (right) AMBRI-energy/power-capacity (AEPC) on the global-charge/discharge-rate 
(GCDR) 

 

 
Figure  7-28 Global-surplus/outage and charge/discharge graphs of (top) PV-panels and (bottom) wind 
turbines in hourly resolution for the FDS storage types with the AMBRI energy/power capacity of 

6400kWh/1600kW 

Figure  7-27 (right) compares the effect of the changing AEPC parameter on the 
GCDR of three renewable applications. The graph reveals that for all AEPC values the 
PV-panel application has the highest GCDR. However the GCDR of the wind turbine 
application for the low AEPC (less than 400kWh/100kW) is significantly low. Comparing 
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the renewable applications GCDR for the higher AEPC reveals that all applications have 
relatively the same performance. This indicates that when the AEPC increase, the 
generated surplus electricity can be stored efficiently even with high fluctuations 
(Figure  7-28). Accordingly, this resulted in a higher GCDR for all renewable 
applications. Note that even with deploying unlimited energy/power capacities for the 
AMBRI technologies still the GCDR are lower than the total electricity surplus of the 
study area since still some parcels in the study area due to the spatial and technical 
restrictions deploy the YOE storage types with the limited energy/power capacity. 

7.8 Conclusion 

The aim of the preceding chapter was to determine which input parameters exert the 
most influence on model results. A sensitivity analysis was conducted to explore the 
performance of the model under small changes in the input parameters. In this chapter, 
the sensitivity analysis of the urban energy modules was performed for three different 
configurations of RET's, including PV-panel, wind turbine and combined configuration 
of wind turbines and PV-panels to analyze the behavior of the model for each 
configuration separately. These analyses demonstrated how the outputs changed due to 
the variation in the configuration of RET's and input variables. For each configuration, a 
series of sensitivity tests were performed, varying a range of input parameters and then 
examined the effects to show how the model works at a more detailed level. For each 
application a number of hypotheses were examined. After analyses, it was found that the 
urban energy modules perform reasonably well in sensitivity testing and the parameters 
affect the outcomes in the expected manner.  The result showed that all input parameters 
have a statistically significant correlation with the model outputs. Based on the 
regression coefficients, importance index and sensitivity index of three applications, it 
was found out that the most important and sensitive parameters are electricity-price 
which has the largest impact on the outputs. Also analyses showed that the PV-panel 
application had the better performance to store surplus electricity compared to the WT 
and combined applications. In the next chapter the effects of the up-front PV-panel 
subsidies and electricity real-time pricing policy will be explored in more realistic policy 
scenarios. 
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  CHAPTER 8
Policy Demonstrations 

8.1 Introduction 

This chapter focuses on examining the effects of various energy policies on the 
outputs of the  urban energy modules. As mentioned in the literature review, the main 
aim of developing energy models is to examine the effects of different energy policies. 
Also one of the main objectives of this research, as stated in the introduction chapter, 
emphasizes the devising of appropriate energy policy schemes to promote the 
application of renewable energy technologies (RET′s) in urban areas. Implementing 
renewable energy transformation plans require developing and applying appropriate 
energy policies and urban authorities and policy makers have to gain the insight in the 
possible consequences of these measures. Also in order for cities to be able to make more 
efficient, economical and sustainable choices on the future renewable developments, it is 
important to have an estimate of what the estimated effects of different policies [7]. 
Therefore the main focus of this chapter is examining the consequences of applying 
energy policies on the renewable-based urban environment as a practical demonstration 
of urban energy modules for policy analysis. Two demonstrations are developed and 
their consequences are examined in detail. The first policy demonstration is the 
introduction of up-front renewable energy subsidy which has been and will remain an 
important factor in developing renewable energy policies. The second one is applying the 
electricity real-time pricing policy instead of the fix-pricing policy. This policy will 
become more realistic pricing scheme in the near future as RET's become ubiquitous, 
resulting in adding further stochastic behaviors causing more supply-demand mismatch 
in the urban energy system. The outcome of the demonstrations will be discussed in 
terms of the effect on the cost of energy (COE), cost of storage (COS) and the 
configuration of RET's and storage technologies. For both demonstrations, we expect to 
see a decrease in the COE and COS and changes in the generated configuration of 
generation technologies.  

8.2 Setup of the demonstrations 

Two policy demonstrations are considered. The first one is the introduction of the 
up-front subsidies on the application of PV-panels. The second policy is investigating 
whether a real-time electricity pricing policy can generate higher incentives for the 
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application of storage technologies. Both policy demonstrations are applied at the 
district in the north of the Eindhoven municipality. The same inputs that were used in 
the preceding chapters for supply and storage analysis and performing the sensitivity 
analysis are also employed here unless otherwise stated. The analysis is performed based 
on the data that have been collected for the period between 1 January 2014 and 31 
December 2014. The detailed descriptions of the given district and the input datasets 
including supply and demand profiles and meteorological datasets have been described 
in Sections  4.5,  5.7 and  5.8. In both cases, the analysis resembles the sensitivity analysis, 
meaning for each policy only one parameter related to the given policy will be changed.  

8.3 PV-panels up-front incentive subsidies 

The high cost of capturing and transforming renewable energy resources into usable 
and clean energy is the main barrier to the promotion of RET′s. As a result, deploying 
appropriate policy measures for the removal of market barriers are inevitable [294]. This 
issue has been explored in several studies, e.g., different supporting mechanisms of RE 
projects can be found in [7], [294], [295]. Also policy measures taken by IEA countries 
have been reviewed and discussed in [294]. RE support mechanisms have gone through 
many changes; even in present times the system is constantly evolving to achieve 
efficient implementation of renewables [295]. A number of incentive measures already 
exist and are widely applied such as, subsidies, feed-in-tariff (FIT), net-metering, tax 
incentive and RE certificates. Over the past few years, for promotion of RET′s 
particularly micro-generation technologies such as solar and wind turbine in the urban 
built environment the myriad of policy measures have been introduced which widely can 
be categorized into two types: 1) capacity-based subsidies, 2) production-based subsidies 
[296]. The capacity-based is an incentive tool that rewards every technology owner 
through upfront lump-sum cash which is determined by the system size. The 
production-based subsidy is an incentive program that rewards RET owner for each unit 
of electricity produced [296]. Feed-in tariff (FIT) is an example of the production-based 
subsidy which buys renewable electricity from the renewable owners with a premium 
price over the retail electricity rate [296]. One of the main advantages of the capacity-
based subsidies over the production-based subsidies is that the upfront subsidy supports 
owners to reduce the high upfront cost of RET′s. Meanwhile, production-based subsidies 
provide incentives for the owners to deploy high quality and efficient technologies to 
generate electricity at the optimal level [296].  

In the first demonstration, capacity-based up-front incentive subsidies are 
implemented in the model and analysis will perform to understand the impact of this 
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program on the installation of RET′s and storage technologies. For this demonstration 
the combined configuration of wind turbines and PV-panels are utilized to evaluate the 
effects of policy program which subsidized the solar installations in the study area. Wind 
turbines and PV-panels are allocated to the study area based on the spatial and technical 
requirements presented in Sections  5.2.1.4 and  5.2.2.3 respectively. The base values of all 
RET′s input parameters have been taken from the scenario IV in Section  5.8 (see 
Section  5.8, scenario IV for more details). In this demonstration three subsidy programs, 
including 20% (90€/m2), 35% (157.5€/m2) and 50% (225€/m2) of the installation cost of 
PV-panels as upfront lump-sum cash is introduced. The results of these applications are 
compared with the base-case scenario to evaluate the impact of these programs on the 
installation of RET′s. Table  8-1 presents the effects of the PV-subsidies on the supply 
configurations. 

Table  8-1 Effects of the implemented PV-subsidies on the configurations of supply side  

Indicators NPCa
total (€) COEb (€/kWh) 

Supply 
(kWh/yr.) 

Fraction of total 
demand (%) 

PV-panel 
Subsidies 

Base (0€/m2)  
PV-panel 12749389 0.138 4635137 49.01 
Wind turbine 13738008 0.142 4822179 50.99 
Total 26487397 0.14 9457316 100.05 

20% (90€/m2) 
PV-panel 15683308 0.116 6743771 71.08 
Wind turbine 7816453 0.142 2743654 28.92 
Total 23499751 0.124 9487425 100.37 

35% (157.5€/m2) 
PV-panel 158112816 0.099 7955830 83.43 
Wind turbine 4500382 0.142 1579679 16.57 
Total 20313198 0.107 9535509 100.88 

50% (225€/m2) 
PV-panel 14363216 0.081 8851977 93.01 
Wind turbine 1894898 0.142 665128 6.99 
Total 16258113 0.085 9517105 100.68 

aNet present cost 
bCost of energy 

Figure  8-1 shows the effect of the changing PV-panel subsidies (PV-subsidies) 
programs on the RET′s supply and COE. The left graph reveals that there are statistically 
significant correlations between the implemented PV-subsidies programs and wind 
turbine supply (WT-supply) and PV-panel supply (PV-supply). The PV-subsidies have a 
positive correlation of 𝟎𝟎.𝟏𝟏𝟏𝟏𝟐𝟐 (𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟖𝟖) with the PV-supply which indicates that an 
increase in the PV-subsidies leads to the increase in the PV-panel electricity production. 
There is also a statistically significant but negative correlation between the PV-subsidies 
and the WT-supply (𝒑𝒑 = − 𝟎𝟎.𝟏𝟏𝟏𝟏𝟑𝟑,𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟎𝟎𝟖𝟖). As demonstrated, for the PV-subsidies the 
linear regression model is a best-fit line that describes the change. Note that the 𝑹𝑹𝟐𝟐 

values for both PV-supply and WT-supply graphs are 0.98 and 0.99 which are highly 
good fit of the lines to the data. 

Figure  8-1 (right) also shows the effect of the changing PV-subsidies on the COE. The 
graph demonstrates that there is a statistically significant negative correlation between 
changing PV-subsidies and COE (𝒑𝒑 = − 𝟎𝟎.𝟏𝟏𝟏𝟏, 𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏) which indicates that an 
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increase in the PV-subsidies leads to the decrease in the COE. As demonstrated in the 
graph, for this parameter also the linear regression model is a best-fit line that describes 
the change in the graph. Note that the 𝑹𝑹𝟐𝟐 values are 0.98 which are highly good fit of the 
lines to the data. Figure  8-2 also shows the cumulative electricity generation of PV-
panels and wind turbines for the implemented subsidies in hourly resolution. 

PV Supply: PV-panel supply 
WT Supply: Wind turbine supply 

Figure  8-1 Effects of the implemented PV-subsidies programs on the (left) RET′s supply and (right) 
cost-of-energy (COE)  

Figure  8-2  Cumulative electricity generation of PV-panels (left) and wind turbines (right) for the 
implemented PV-subsidies programs 

The implications of the above-mentioned programs are also examined on the storage 
configurations for three storage scenarios, including: building level storage scenario 
(BLS), community energy storage scenario (CES) and future development storage 
scenario (FDS) (the given storage scenarios are introduced in details in Section  6.9.2). 
Figure  8-4 shows the effect of the applying PV-subsidies on the GB and COS for all three 
scenarios. The graphs show for all scenarios, there are positive correlations between PV-
subsidies and GB which shows that an increase in the subsidies leads to the increase in 
the GB value as well. This can be explained by the fact that as the PV-subsidies increase, 
accordingly the proportion of the PV-panel production will also increase in the supply 
configuration. This resulted in the less fluctuations in the electricity production of the 
renewables and subsequently storing more surplus energy in the storage technologies 
and generates higher benefits (for more detail, see Section  7.7). There are also negative 
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correlations between the PV-subsidies and the COS for three BLS, CES and FDS 
scenarios (for BLS 𝒑𝒑 = − 𝟎𝟎.𝟖𝟖𝟖𝟖𝟎𝟎,𝒑𝒑 < 𝟎𝟎.𝟏𝟏𝟑𝟑𝟎𝟎, for CES 𝒑𝒑 = − 𝟎𝟎.𝟏𝟏𝟑𝟑𝟑𝟑,𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟖𝟖𝟖𝟖 and for 
FDS 𝒑𝒑 = − 𝟎𝟎.𝟏𝟏𝟎𝟎𝟐𝟐,𝒑𝒑 < 𝟎𝟎.𝟎𝟎𝟏𝟏𝟐𝟐). However, none of them are statistically significant. 
Although the storage configurations in both CES and FDS scenarios are also influenced 
by the implemented PV-subsidies, however, no statistically significant correlation was 
found between number of the installed storage types and PV-subsidies. 

Figure  8-3 Effects of the implemented PV-subsidies programs on the generated RET′s  solutions for 
the study area: (left) PV-subsidy = 0 (right) PV-subsidy = 50% 

GB-BLS: global-benefit of the building level storage scenario 
GB-CES: global-benefit of the community energy storage scenario 
GB-FDS: global-benefit of the future development storage scenario 

COS-BLS: Cost of storage of the building level storage scenario 
COS-CES: Cost of storage of the community energy storage scenario 
COS-FDS: Cost of storage of the future development scenario 

Figure  8-4 Effects of the implemented incentive PV-subsidies programs on the (left) global-benefit 
(GB) and (right) cost-of-storage (COS) for the storage scenarios 
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Figure  8-5 Effects of the implemented PV-subsidies programs on the generated storage solutions of 
the study area: (left) PV-subsidy = 0 (right) PV-subsidy = 50% 

Figure  8-6 Cumulative graphs of the total electricity surplus of the study area for the applied 
incentive PV-subsidies programs 

Figure  8-6 shows the cumulative electricity surplus of the implemented PV-subsidies 
programs. It is evident from the graph that as the PV-panel share in the total supply 
production increase, while in the winter times the total shortage of energy increase, 
during the summer times, the total surplus of energy will increase. 

8.4 Electricity real-time pricing policy (RTP) 

As in the current situation the electricity storage is not technologically and 
economically feasible on the large scale application, electricity production is strictly 
dependent on the demand and subject to the short term capacity constraints [297]. Since 
demand is highly variable, there will be times when there is plenty of capacity, and the 
only cost of electricity production will be fuel and operation and maintenance costs; at 
the other times, the capacity constraint will be binding, causing the cost to increase 
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greatly, and the market prices rise [297]. The result of this structure is that the price of 
electricity, reflecting the supply/demand balance varies constantly every hour. Currently, 
most electricity companies apply the following two fundamental electricity pricing 
schemes for the retail electricity prices according to [297]:  

• Fixed-pricing policy (FP): In this scheme, price does not reflect the hourly 
variation in the wholesale cost of electricity. For instance, the Dutch energy 
system applies the FP policy in which consumers pay the retail electricity 
price that is fixed for months or years depending on the contract. As a result 
the consumer faces the same price for all hours of the day.   

• Real-time pricing policy (RTP): In this scheme the prices are typically set a 
day-ahead or real-time. For instance, in the day-ahead scheme the price of a 
day is set on the prior day, whereas in real-time approach the price of each 
hour is determined between 15 to 90 minutes prior to the beginning of that 
hour. Currently in the Netherlands, there is no example of an RTP scheme in 
the retail electricity market, however, there are several examples in the USA 
(e.g.: Ameren Illinois1 and Pacific Gas and Electricity Company2). 

Furthermore, with increasing penetration of intermittent energy generation 
technologies such as wind turbines and PV panles, an intermittent renewable energy 
production becomes ubiquitous throughout the urban energy system, which makes the 
RTP policy more attractive and realistic pricing policy [298]. According to [297] if this 
policy is implemented properly, not only it increases the competitiveness of the energy 
operators, but also reduce the electricity cost of the consumers. Moreover, a more 
flexible pricing system can facilitate the development of storage technologies. Storage 
system owners can increase the value of their facilities by storing electricity during the 
low price hours and sell it back to the grid during the evening and night hours when 
demand is higher. Accordingly, in this chapter for the second demonstration, the RTP 
scenario is designed and implemented to investigate the effects of this pricing policy on 
the installation of storage technologies. For this demonstration the model uses a real-
time electricity price data adapted from [296], [297] instead of the fixed-price data. 
Table  8-2 [297] shows the retail electricity price in one typical day in 2012 in the 
Netherlands that is adopted from APX3. Here the hourly APX electricity base price is 
used to determine the hourly retail electricity price after adding the energy tax and VAT. 
Electricity base price is the cost of generating electricity which is determined by the retail 

                                                      
1 Ameren Illinois Company Real Time Pricing Website:https://www2.ameren.com/RetailEnergy/realtimeprices.aspx 
2 PGE Company Real Time Pricing website: http://www.pge.com/tariffs/energy_use_prices.shtml 
3 APX is a power exchange providing trading and clearing services for the wholesale electricity market, operating in the 

Netherlands, the United Kingdom and Belgium. 
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suppliers in the Netherlands [297]. This profile is utilized to calculate the total benefit of 
the storage technologies in the study area.  

Table  8-2 Hourly APX electricity prices for a typical day in the Netherlands 

Hours Hourly APX 
electricity base 
price (cents/kWh) 

Adjusted retail electricity 
price after adding energy tax 
and VAT (cents/kWh) 

Hours Hourly APX 
electricity base 
price (cents/kWh) 

Adjusted retail electricity 
price after adding energy 
tax and VAT (cents/kWh) 

00:00 4.612 20.197 12:00 5.945 21.810 
01:00 4.352 19.883 13:00 5.576 21.364 
02:00 4.145 19.632 14:00 5.840 21.683 
03:00 3.769 19.177 15:00 9.271 25.835 
04:00 3.546 18.907 16:00 12.538 29.788 
05:00 3.905 19.342 17:00 13.045 30.401 
06:00 4.331 19.857 18:00 10.617 27.463 
07:00 6.142 22.049 19:00 12.761 30.058 
08:00 8.967 25.467 20:00 10.617 27.463 
09:00 7.852 24.118 21:00 6.996 23.082 
10:00 6.719 22.747 22:00 6.067 21.958 
11:00 6.580 22.579 23:00 5.219 20.932 

For this demonstration similar to Sections  6.9 and  6.10 the same configurations of 
RET's and storage scenarios are deployed to evaluate the effects of the RTP program. The 
base values of all input parameters for renewable configurations and storage types are 
taken from the Sections  6.8,  6.9 and  6.10 and the results will be compared with the 
storage base scenarios (fixed-pricing policy) to evaluate the impact of this program on 
the storage installations. In the following for each of the renewable configurations the 
results are presented and discussed. 

8.4.1 PV-panel application 

In this application the result of the applying RTP policy on the three storage 
scenarios, including BLS, CES and FDS (see Section  6.9.2 for more details) for the fully 
PV-panel configuration (see Section  5.8, scenario I for more details) are presented.  
Figure  8-7 shows the effect of the applying RTP policy on the GB and COS for the PV-
panel application.  

It is clear from the graphs that applying the RTP policy leads to the increase in the 
GB value for all storage scenarios. While the PV-BLS (building level storage scenario for 
the PV-panel application) and PV-CES (community energy storage scenario for the PV-
panel application) experience moderate changes, the PV-FDS (future development 
storage scenario for the PV-panel application) has a relatively significant change from 
97742€ in the FP application to the 193646€ in the RTP application. These changes 
indicate that the RTP policy can significantly increase the feasibility of the storage 
technologies in the PV-panel application. Figure  8-7 (right) also shows that for all 
storage scenarios the changes in the COS are not significant. These results can be 
explained by the fact that although the COS and global-charge/discharge did not have 



195 

 

significant changes for both pricing policy, however, as storage system owners can store 
electricity during the low price hours and use it during the evening and night peak hours 
when electricity price is higher, accordingly it generates higher benefit. 

  
PV-BLS: Building level storage scenario for the PV-panel application 
PV-CES: Community energy storage scenario for the PV-panel application 
PV-FDS: Future development storage scenario for the PV-panel application 

Figure  8-7 Comparing the effects of the applying the fixed price (FP) and real-time pricing (RTP) 
programs on (left) global-benefit (GB) and (right) cost-of-storage (COS) for the PV-panel application 

  
PV-CES-FP: Fixed-price policy for the community energy storage scenario for the PV-panel application 
PV-CES-RTP: Real-time pricing policy for the community energy storage scenario for the PV-panel application 
PV-FDS-FP: Fixed-price policy for the future development storage scenario for the PV-panel application 
PV-FDS-RTP: Real-time pricing policy for the future development storage scenario for the PV-panel application 

Figure  8-8 Comparing the effects of the applying the fixed price (FP) and real-time pricing (RTP) 
programs on the storage configurations for the PV-panel application; (left) number of the installed 

storage types and (right) number of connected parcels to the storage types 

Figure  8-8 shows that the storage configurations in both CES and FDS storage 
scenarios are influenced by the RTP policy. As the graphs show in both scenarios when 
applying the RTP policy the number of building scale storage technologies (YOE) will 
decrease and the proportion of the high capacity storage technologies will increase. This 
corroborates the positive effect of the RTP program on the attractiveness of urban scale 
storage technologies. Regarding the number of parcels connected to the specific storage 
types, as Figure  8-8 (right) shows in accordance with the increase in the number of high 
capacity storage technologies, the number of parcels which connected to these 
technologies are also increased (While 732 parcels in the PV-FDS-FP application is 
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connected to the AMBRI storage, in the PV-FDS-RTP application 785 parcels are 
connected to the AMBRI storage). Comparing the storage configuration of CES and FDS 
scenarios for the RTP policy also indicates that here again the FDS scenario has a better 
performance in terms of GB, COS and number of deployed high capacity storage 
technologies.  This shows the importance of the development of low-cost storage 
technology in the future for further application of these technologies. 

8.4.2 Wind turbine application 

In this application the result of the applying RTP policy on the three storage 
scenarios, including BLS, CES and FDS (see Section  6.9.2 for more details) for the fully 
wind turbine configuration (see Section  5.8, scenario III for more details) are presented.  

  
WT-BLS: Building level storage scenario for the wind turbine application 
WT-CES: Community energy storage scenario for the wind turbine application 
WT-FDS: Future development storage scenario for the wind turbine application 

Figure  8-9 Comparing the effects of the applying the fixed price (FP) and real-time pricing (RTP) 
programs on the (left) global-benefit (GB) and (right) cost of storage (COS) for the wind turbine 

application 

Figure  8-9 compares the GB and COS of the storage scenarios for the FP and RTP 
applications for the wind turbine application. Looking at the graphs reveals that by 
applying the RTP policy program the GB of all storage scenarios will improve. Again, 
while the WT-BLS (building level storage scenario for the wind turbine application) and 
WT-CES (community energy storage scenario for the wind turbine application) 
scenarios give moderate changes, the WT-FDS scenario has a significant rise from -
134996€ in FP (future development storage scenario for the wind turbine application) 
application to -80052€ in RTP application. In the WT application due to the high 
fluctuation of the generated electricity, the amount of surplus energy that can be stored 
in the applied storage technologies are considerably lower than the PV-panel 
application. As a result the GB values in this application are significantly lower. 
Figure  8-9 (right) shows that for all storage scenarios the changes in the COS are not 
significant. Figure  8-10 shows that in this application the storage configuration in CES 
scenario has not changed significantly by the RTP program. This can be explained by the 
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significant negative GB value and low stored energy, the RTP policy does not have a 
considerable effect on the storage configurations. However, as the graphs show in FDS 
scenario with applying the RTP policy the number of building scale storage technologies 
(YOE) will slightly decrease and the proportion of the high capacity storage technologies 
will increase. Regarding the number of parcels connected to the specific storage types, as 
Figure  8-8 (right) shows in accordance with the increase in the number of high capacity 
storage technologies for FDS scenario, the numbers of parcels which connected to these 
technologies are also increased. 

  
WT-CES-FP: Fixed-price policy for the community energy storage scenario for the wind turbine application 
WT-CES-RTP: Real-time pricing policy for the community energy storage scenario for the wind turbine application 
WT-FDS-FP: Fixed-price policy for the future development storage scenario for the wind turbine application 
WT-FDS-RTP: Real-time pricing policy for the future development storage scenario for the wind turbine application 

Figure  8-10 Comparing the effects of the applying the fixed price (FP) and real-time pricing (RTP) 
programs on the storage configurations for the wind turbine application; (left) number of the installed 

storage types and (right) number of connected parcels to the storage types 

8.4.3 Combined PV-panel and wind turbine application 

In this application the result of the applying RTP policy on the three storage 
scenarios, including BLS, CES and FDS (see Section  6.9.2 for more details) for the 
combined configuration of PV-panel and wind turbine (see Section  5.8, scenario IV for 
more details) are presented.  

Figure  8-11 shows the effect of the applying RTP policy on the GB and COS for the 
combined application. It is evident from the graphs that applying the RTP policy leads to 
the higher GB for all storage scenarios. In this application while the Combined-BLS 
(building level storage scenario for the combined application of PV-panel and wind 
turbine) scenario experiences 9.12% increase in the GB, the Combined-CES (community 
energy storage scenario for the combined application of PV-panel and wind turbine) and 
Combined-FDS (future development storage scenario for the combined application of 
PV-panel and wind turbine) scenarios cause 70.99% and 55.26% increase, respectively. 
These changes again imply that the RTP policy can significantly increase the 
performance of the storage technologies. Figure  8-11 (right) also shows that for all 
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storage scenarios the changes in the COS are not significant. Figure  8-12 shows that the 
storage configurations in both CES and FDS scenarios are influenced by the RTP policy. 
As the graphs show in both scenarios with applying the RTP policy the number of 
building scale storage technologies will decrease and the proportion of the high capacity 
storage technologies will increase. This corroborates the positive effect of the RTP 
program on the attractiveness of urban scale storage technologies. Regarding the number 
of parcels connected to the specific storage types, as Figure  8-12 (right) shows in 
accordance with the increase in the number of high capacity storage technologies, the 
number of parcels which connected to these technologies also increased.  

  
Combined-BLS: Building level storage scenario for the combined application 
Combined-CES: Community energy storage scenario for the combined application 
Combined-FDS: Future development storage scenario for the combined application 

Figure  8-11 Comparing the effects of the applying the fixed price (FP) and real-time pricing (RTP) 
programs on the (left) global-benefit (GB) and (right) cost-of-storage (COS) for the combined application 

  
Combined -CES-FP: Fixed-price policy for the community energy storage scenario for the combined application 
Combined -CES-RTP: Real-time pricing policy for the community energy storage scenario for the combined application 
Combined -FDS-FP: Fixed-price policy for the future development storage scenario for the combined application 
Combined -FDS-RTP: Real-time pricing policy for the future development storage scenario for the combined application 

Figure  8-12 Comparing the effects of the applying the fixed price (FP) and real-time pricing (RTP) 
programs on the storage configurations for the wind turbine application; (left) number of the installed 

storage types and (right) number of connected parcels to the storage types 
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8.5 Conclusion 

The aim of the preceding chapter was to examine the effects of the various energy 
policies on the outputs of the urban energy modules. As mentioned in the literature 
review, one main aim of developing energy models was to examine the effects of energy 
policies. Also one of the main objectives of this research was to devise appropriate energy 
policies to promote the application of RET's in the urban areas. Therefore, this chapter 
has focused on the examining the consequences of applying a number of policy 
programs as practical demonstrations of the urban energy modules for policy analysis. 
Two policies have been developed and implemented in the modules: the introduction of 
the up-front renewable energy subsidy and applying the electricity real-time pricing 
policy. For each of the implemented policies the outcomes were discussed in terms of the 
effects on the COE, COS and configuration of RET's and storage technologies. After 
analyses, it was found that the PV-panel subsidies have a positive correlation with the 
PV-panel supply which indicates an increase in the PV-panel subsidies leads to the 
increase in the PV-panel electricity production. However, it has had a negative 
correlation with the wind turbine supply. The results also revealed that an increase in the 
PV-panel subsidies will reduce the COE. For the storage scenarios, there were also 
significant positive correlations between PV-panel subsidies and GB. Also analyses 
showed that applying the RTP policy leads to the increase in the GB for all storage 
scenarios. These changes indicate that the RTP policy can significantly increase the 
feasibility of the storage technologies in the renewable based energy system. These 
analyses have demonstrated that the urban energy modules can perform reasonably well 
for exploring the effects of energy policies. The next chapter as a last chapter summarizes 
the whole thesis, followed by giving answers to the initially formulated research 
questions. 
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  CHAPTER 9
Conclusions and Future Work 

The research has been presented in this dissertation aimed to develop a 
comprehensive urban energy model framework to study the energy and spatial effects of 
renewable energy policies that promote renewable energy technologies (RET′s) in urban 
areas and support planners and policy makers to devise appropriate policy schemes 
toward renewable-based urban energy system. For the realization of this aim, three 
urban energy modules are developed and applied to generate an optimized renewable-
based urban environment and forecast their spatial implications under different energy 
policies. Experimentation in the form of supply and storage scenarios, sensitivity analysis 
and policy demonstrations showed the model performances. This chapter as the last 
chapter first summarizes the thesis and its main conclusions based on the results 
obtained from the project, followed by answers to the initially formulated research 
questions in Section  9.2 (see Section  1.5 for more details). Lastly, at the end of this thesis, 
Section  9.3 will provide some possible future research directions based on the results of 
the research. 

9.1 Summary of the thesis 

Over the last few decades, a variety of new global challenges have emerged from the 
fossil fuel-based energy systems such as global warming, security of energy supply, and 
affordability of energy which impose dramatic changes on the current energy sources 
and infrastructure. To combat and solving these issues, particularly in urban 
environments, distributed renewable resources are being targeted. As a result, there has 
been a paradigm shift in the scale and nature of the energy supply in urban areas with 
the deployment of distributed energy technologies. Increasingly, these technologies form 
part of the urban energy system in many cities and represent a future framework of the 
urban energy system both in the building and on the urban scale. This urban energy 
transition as a main driving force behind this research requires extensive planning to 
provide a reliable urban energy system. A wide variety of models have been hitherto 
developed to support planners and policy makers to model the urban energy transition 
and analyze the integration of RET′s into the urban environment and evaluate the future 
alternative energy scenarios under various energy policy schemes. However, the 
literature review has revealed two major shortcomings of the current urban energy 
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models for modelling the transition toward renewable-based urban energy system: firstly 
the lack of an integrated techno-economic model to optimize the configuration of the 
RET′s for maximizing the exploitation of local renewable resources and secondly a lack 
in integrated modelling of spatial and energy effects of renewable-based urban energy 
systems. Accordingly, in this research a comprehensive urban energy model was 
designed that considers both spatial and energy transition effects of RET′s in the urban 
environment. Derived from this, the general aim of the research was “to develop a 
comprehensive urban energy model of the urban built environment for studying the energy 
and spatial effects of energy policies that promote RET′s in urban areas and support 
planners and policy makers to devise appropriate policy schemes toward renewable-based 
urban energy system”. For the realization of this general aim, three modules are 
developed and applied to generate an optimized renewable-based urban energy system 
and forecasting its energy and spatial implications under different energy policies.  

As mentioned, a wide variety of urban energy modelling approaches and methods 
have been developed to analyze the integration of RET's into the urban environment and 
evaluate the future alternative energy scenarios under different policy 
schemes.  CHAPTER 2 has provided an up-to-date overview of these models to assess the 
current state-of-practice and as the bases for developing the proposed urban energy 
model. Three major issues were addressed in this chapter. Firstly the urban energy 
model definition along with characterizing the major features of such tools was 
presented. Secondly, the current urban energy modelling approaches were examined 
thoroughly. Three modelling approaches were identified based on the energy flow 
direction and application focus of such models including supply, demand and, storage. 
The current state-of-the-art of these approaches was discussed in relation to the 
objectives of this research. Each approach relies on different levels of input information, 
different calculation or simulation techniques, and provides results with different 
applicability. A critical review of each approach, along with a review of the models 
reported in the literature was provided. Finally, a number of new trends in the urban 
energy modelling practice were identified that have to be considered in the development 
of future modelling of the urban energy system to help designers and planners in 
simulating and optimizing their urban energy proposals in a more comprehensive way. 
The identified trends include urban energy paradigm shift, distributed generation spatial 
implications, computational optimization modelling, integrated multilayer models and 
policy integration.  

Based on the identified potential trends the proposed urban energy model framework 
of this research was introduced in  CHAPTER 3. The proposed framework described the 
operation, configuration and components of the renewable-based urban energy system, 
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the behavior of the components and the possible interactions between them. The 
proposed framework had a component-based configuration which can easily be 
extended and enables the introduction of any other new component. Three renewable-
based urban energy system components, namely demand, supply and storage were 
embedded in the framework and accordingly the corresponding modules for modelling 
the components were developed. Following that, a brief introduction of each module and 
applied spatial data structure of the modules were presented. Introducing the three 
embedded modules constituted the next three chapters. 

Applying any sustainable measure or intervention in the urban energy system 
requires fundamental knowledge of the energy demand dynamics. Only when we are 
able to predict the users′ energy demand at any given time with accuracy, we can 
redesign the urban energy system. Accordingly,  CHAPTER 4 introduced the design 
process of the demand module as the first component of the urban energy model 
framework. In this module the annual electricity usage and the usage load profile of the 
building connections in the urban built environment were determined. Through a 
literature review, the important electricity usage explanatory variables of the built 
environment were recognized. For each building, besides the building function and 
annual electricity usage, three major categories of explanatory variables, including 
physical, socioeconomic and geospatial characteristics were determined. Based on the 
available data sources, the building electricity usage database was constructed. The 
database was categorized based on the two most frequently used building sectors 
including residential and nonresidential. By creating the database, multiple linear 
regression method was applied to the constructed database to determine the predicting 
formulas to establish a relationship between the annual electricity usage as a dependent 
variable and physical, socioeconomic and geospatial variables as independent variables. 
In this research, in order to determine the contribution of geospatial characteristics in 
the annual electricity usage variability, the regression analysis was performed in two 
consecutive steps. In the first step only the geospatial characteristics were implemented 
in the multiple linear regression analysis. Following that, in the second step the other 
categories including physical and socioeconomic characteristics were also added to the 
model. The result revealed that in both building sectors most of the predictors were 
statistically significant at the 0.05 level. While for the residential buildings the geospatial 
characteristics accounted for 9.7% of the electricity usage variation, these values for the 
service and industrial buildings were 9.9% and 8.7% respectively. In total all variables 
explained 28.1%, 39.4% and 42.9% of the electricity usage variability of residential, 
service and industrial buildings respectively. Load profiling was the last step of the 
demand module. In this step each of the building connections was associated with one of 
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the EDSN load profiles (Table  4-20) based on the physical characteristic of the electrical 
connections and applied electricity tariff structure to generate the usage load profile of 
the building connections in hourly resolution for the entire year. The results showed that 
of the total electricity building connections in the study area 97.06% have the electricity 
usage pattern corresponding with the E1 EDSN load profile. 2.76% and 0.25% of the 
building connections were also associated with the E2 and E3 EDSN load profile 
categories respectively. Both the resulting annual electricity usage and the usage load 
profile of the building connections have been applied in the supply and storage modules. 

As the electricity generation from RET's is recognized as the main alternative 
resource for a future urban energy system, accordingly, identifying the potential 
availability of renewable resources in the urban areas has become a key area of interest in 
urban energy modelling. Each type of distributed renewable energy technologies has its 
own installation requirements which in an urban environment, should be optimized 
based on the local conditions in order to suit the needs of the area. Thus, an optimization 
model is necessary in order to efficiently and economically utilize the renewable 
resources. Accordingly, in  CHAPTER 5 the design process of the supply module as a 
second component of the urban energy model framework was described which 
integrates analyses of how renewable technologies can be installed, what spatial and 
energy implications they may have and what will be their financial outcomes. The main 
objective of this module was examining the spatial and technical conditions of the 
parcels in the urban area to allocate distributed renewable energy technologies in order 
to generate an optimal configuration of these technologies that minimizes the total 
exploitation cost while satisfying the technical and spatial constraints and the required 
demand towards electricity neutral areas. In this module the focus was on the 
technologies that are spatially and technically feasible for installation in the urban areas 
including roof mounted photovoltaic panels and urban wind turbines that are positioned 
in urban areas adjacent to the built environment. For each technology the resource 
availability, power output determination procedure and spatial and technical 
requirements for installation in urban areas were described. To determine the most cost 
efficient configuration plan of RET's, the economic analysis was performed in which for 
each type of technology, two main cost components, including capital cost and operating 
and maintenance cost were considered.  

RET allocation algorithm as a core of the module evaluated the feasibility of 
allocating PV-panels and wind turbines to the parcels considering parcel spatial 
specifications, technology technical requirements and renewable resource availability. 
The algorithm was performed based on the spatial conditions that exist at the locations 
where RET's are installed and the technologies mutual interactions. The algorithm 
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composed of three phases. The first phase was the preprocessing phase that includes 
establishing the environment and calculating the total demand of the study area. In the 
second phase through the two nested loops, each parcel for all RET's types was examined 
and if the parcel had the required spatial and technical requirements for the installation 
of the given technology, the annual supply profile and the cost of energy (COE) of the 
technology in the parcel were estimated. The algorithm finally in the third phase for the 
given settings, allocate the RET's to the parcels based on their COE to generate the 
optimized configuration of renewables to realize the electricity demand of the study area. 
In this module the allocation analysis was performed in hourly resolution over a one 
year time period.  

The supply module was implemented on an urban scale and for the demonstration 
purpose; it was applied to the district in the north of the Eindhoven municipality using 
real world data. Four scenarios based on the RET's configuration and resource 
availability were conducted. The results revealed that the PV-panel application scenario 
fulfilled the total demand of the study area with the total COE of 0.176€/kWh. In this 
scenario PV-panels were allocated to the 94.76% of the parcels with suitable roof areas. 
The wind turbine application scenario showed that the total electricity production of the 
wind turbines in the study area was around 51.01% of the total demand with the total 
COE of 0.142€/kWh. This indicated that although the total demand of the area was not 
satisfied, but the COE was lower than PV-panels. The wind turbine application scenario 
with the scaled wind speed profile fulfilled the total demand of the study area with the 
total COE of 0.057€/kWh. Comparing the average COE of this scenario with the 
preceding scenario implied a significant drop in the COE which revealed the high 
sensitivity of the wind turbine outputs to the wind speed. The outputs of the mixed 
configuration scenario showed that this scenario has satisfied the total electricity 
demand of the area and as expected, most of the potential capacities of wind turbines 
(99.96%) were realized as their COE are significantly lower than the PV-panels. The 
COE of this scenario (0.143€/kWh) showed that the mix configuration of RET's is more 
economical compared with the PV-panel application. One of the most striking results of 
the supply scenarios was that the resulting COE of the scenarios (Table  5-13) were 
significantly lower than the current retail electricity price (the current electricity price in 
the Dutch energy market for the residential usage is approximately 0.22€/kWh) which 
indicate that RET′s can compete with the fossil fuel resources even with the current 
market conditions which mostly incline to consume more fossil fuel resources. Although 
the COE of PV-panels was higher than the wind turbines, however, it can be 
compensated by the allocation of proper fiscal stimulus to the PV-panel system owners 
(see Section  8.3 for more details). Additionally, the resulting configurations of RET′s 
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were noteworthy. The wind turbine application scenario had significantly lower 
performance with the capacity factor of 9.491%. This means that in the majority of the 
time the wind turbine only produces a fraction of its maximum capacity which this is a 
direct result of low average wind speed in the study area. Finally the main output of this 
module means the resulting supply profile of the parcels has been used in the storage 
module for load balancing. 

 CHAPTER 6 presented the design process of the storage module as the third 
component of the urban energy model framework. Decentralized application of RET′s in 
the urban environment in the form of wind turbines or PV-panels leads to the growth in 
the penetration of renewable energy sources. However, most of these sources have 
intermittent and random nature as they entirely depend on the weather conditions and 
diurnal variations [10], [11]. Therefore generated renewable energy cannot be 
dispatched consistently and if renewable electricity is not stored, it must be utilized as 
soon as it is generated [187]. Moreover, the electricity consumption in the built 
environment has also shown a highly volatile behavior. These inconsistencies in both 
generation and consumption sides lead to the immense load mismatch between demand 
and supply sides of the urban energy system that creates a large amount of surplus and 
shortage of electricity that only can be mitigated to a certain extent by provision of 
backup from storage technologies. Storage technologies have the capacity to absorb the 
variability of the RES, and allow renewable power to be dispatched smoothly. According 
to the literature, it was concluded that although a considerable amount of research has 
examined the integration of storage technologies into the built environment, however, 
the application has been mostly constrained to the building level and very little attention 
has hitherto been devoted to the implementation of storage technologies on the higher 
urban scales. Therefore, the storage module was developed to investigate the feasibility of 
integrating the storage technologies with the built environment in the urban scale and 
examining their spatial, energy and economic effects. In this chapter firstly existing 
storage technology that can be applied in the urban environment were introduced briefly 
in terms of technical design, characteristics and scope of application. The focus was on 
the technologies that are spatially and technically feasible for the installation in urban 
areas. Then the design process of the storage optimization model was described in detail 
where the simulated annealing algorithm was applied to investigate how storage 
technology will be deployed at urban scale and what implications they might have. In 
this module also the parcel-based data structure was adopted to structure the spatial 
environment. Parcels interacted with their neighbors to maximize their benefit while 
taking into account the spatial and technical constraints. As the final output the module 
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generated the optimal storage solution for the study area and visualized the connections 
between parcels and locations where storage technologies are installed.  

The module was implemented on the urban scale and for the demonstration purpose; 
it was applied to the district in the north of the Eindhoven municipality. A list of storage 
technologies which are suitable for installation at different urban levels was considered. 
Three scenarios namely building level storage scenario (BLS), community energy storage 
scenario (CES) and future development storage scenario (FDS) for three renewable 
configurations were conducted and the results were compared (see Section  6.8 for more 
details). Primarily the results of the scenarios proved that by connecting and sharing 
storage technologies, parcels can acquire more benefit compared to the storage 
application at the building level. The BLS scenario in all RET applications resulted in the 
minimum benefits. From the scenarios, BLS and CES in all applications have generated 
negatives benefits which imply that it is not economic to deploy storage systems, even at 
the urban scale using the current technologies and the electricity pricing policy. However 
the FDS scenario, which is anticipated in the near future, showed that a positive benefit 
is predictable. Regarding the cost of storage (COS) of scenarios the PV-panel application 
had the lowest COS for all scenarios. This was due to the fact that the total 
charge/discharge energy in the PV-panel application was higher. Regarding the 
charge/discharge energy, the electricity released from the storage technologies increased 
gradually from BLS scenario to the FDS scenario in all applications, corresponding to the 
benefits. However, compared to the total surplus energy of the area, even the FDS 
scenario only fulfilled 50% of the total surplus/outage energy. The average number of 
parcels that shared a common storage has showed that the YOE system had the smallest 
connection with only 2.5 parcels. The E-Camion system (see Section  6.9.1 for more 
details) required up to 11.23 parcels in order to achieve the highest efficiency. ZEN and 
AMBRI storage systems (see Section  6.9.1 for more details) were suitable for medium 
scale networks with 5.9 to 11.09 connected parcels. Analyzing the generated storage 
plans revealed that the application of large scale storage technologies, in terms of spatial 
requirements, was influenced by two factors. Firstly, the intended area should have 
enough space to install the storage system. Storage can be placed in a green parcel or 
high demand service or industrial parcel in the permitted distance. In the area where 
there was no appropriate site for the installation, mostly parcels adopt the building scale 
storage technologies. Secondly, the high density of buildings was also a required 
condition for the installation of large scale storage system. Moreover, the surplus profile 
has affected the type of storage system to be installed. In the high density built area with 
high surplus profiles if the spatial requirements are appropriate, most likely high 
capacity storage technology will be installed. In total, the storage module results show 
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that the feasibility of storages application at the urban level is very optimistic. By 
utilizing the shared storage technologies collectively, storage owners can achieve higher 
benefits than individual level.  

A sensitivity analysis was conducted in  CHAPTER 7 to explore the performance of 
the urban energy modules under small changes in the input parameters. In this chapter, 
the sensitivity analysis of the urban energy modules was performed for three different 
configurations of RET′s, including PV-panel, wind turbine and combined configuration 
of wind turbines and PV-panels to analyze the behavior of the model for each 
configuration separately. These analyses demonstrated how the outputs changed due to 
the variation in the configuration of RET′s and input variables. For each renewable 
configuration, a series of sensitivity tests were performed, varying a range of input 
parameters and then examined the effects to show how the model works at a more 
detailed level. For each application a number of hypotheses were examined. After 
analysis, it was found that the urban energy modules perform reasonably well in 
sensitivity testing and the parameters affect the outcomes in the expected manner. The 
results showed that all input parameters have statistically significant correlations with 
the model outputs. Based on the regression coefficients, importance index and sensitivity 
index of three applications, it was found out that the most important and sensitive 
parameters are electricity-price which has the largest impact on the outputs. Also 
analyses showed that the PV-panel application had the better performance to store 
surplus electricity compared to the wind turbine and combined applications. One of the 
most striking results of the sensitivity analysis was that even with deploying unlimited 
energy/power capacities for the AMBRI system still the global charge/discharge are 
lower than the total electricity surplus of the study area since still some parcels in the 
study area due to the spatial and technical restrictions deploy the YOE storage types with 
the limited energy/power capacity. Finally, in  CHAPTER 8 in more realistic scenarios 
the effects of the energy policies on the outputs of the urban energy modules has been 
explored. As mentioned in  CHAPTER 1 one of the main objectives of this research was 
to devise appropriate energy policies to promote the application of RET′s in the urban 
areas. Therefore, this chapter focused on the examining the consequences of applying a 
number of policy programs as a practical demonstration of the urban energy modules 
for policy analysis. Two policies have been developed and implemented in the modules: 
the introduction of the up-front renewable energy subsidy and applying the electricity 
real-time pricing policy. For each of the implemented policies the outcomes were 
discussed in terms of the effects on the COE, COS and configurations of RET′s and 
storage technologies. After analyses, it was found that the PV-panel subsidies have a 
positive correlation with the PV-panel supply which indicates an increase in the 
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subsidies leads to the increase in the PV-panel electricity production. However, it had a 
negative correlation with the wind turbine supply. The results also revealed that an 
increase in the PV-panel subsidies will reduce the COE. For the storage scenarios, there 
were also significant positive correlations between subsidies and global-benefit. Also 
analyses showed that applying the real time pricing policy leads to the increase in the 
global-benefit for all storage scenarios. These changes indicate that the real time pricing 
policy can significantly increase the feasibility of the storage technologies in the 
renewable based energy system. These analyses have demonstrated that the urban energy 
modules can perform reasonably well for exploring the effects of energy policies.  

9.2 Answers to research questions 

Several research questions have been formulated at the pre-study phase of this 
research project (see Section  1.5). Answers to these questions are provided below: 

 Which new trends can be distinguished for the further developments of the urban 
energy modelling practice?  

A wide variety of urban energy modelling approaches and methods has been 
reported in the literature which  CHAPTER 2 has provided an up-to-date overview to 
assess the current state of practice and as the bases for developing the proposed 
urban energy model framework. Despite the diversity of the approaches that were 
highlighted by the review, a number of new trends in the urban energy modelling 
practice have been identified that have to be considered in the development of future 
integrated modelling of the urban energy system. The identified new trends include 
(see Section  2.8 for more details): 

• Paradigm shift towards distributed renewable energy technologies 
• Inclusion of spatial implications of distributed renewable energy technologies 

in the urban planning practice  
• Implementation of the computational optimization models to optimize the 

urban energy systems  
• Development of the integrated multilayer modelling approach 
• Application for policy development 

 What are the key parameters for the forecasting (a) the annual electricity usage and (b) 
the usage load profile of the electrical connections in the urban built environment?  

(a) Through a review of electricity usage explanatory variables of the built 
environment in Sections  4.3.2.1 and  4.3.2.2 and based on the created building 
electricity use database introduced in the Section  4.3.3, for each building 
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electricity connection the following variables were identified (see Section  4.3.4 
for more details): 

• Physical and structural characteristics, including building age, building area, 
physical capacity of the electrical connections, building types and roof types 

• Geospatial characteristics, including urbanization degree, building height, 
solar intensity and building density 

• Socioeconomic characteristics, only for the residential sector including WOZ 
value 

(b) In this research electricity usage load profile of the building connections have 
been analyzed based on the following factors that influence the electricity use 
pattern of customers: 

• Customer factor: While the electrical equipment and installation vary from 
customer to customer there are recognized customer types which have 
similar properties such as residential, service and industrial. 

• Electricity connection type factor: Electricity connection types such as low, 
medium and high determine the connection configuration and the voltage 
level, which in turn specifies how the connections interact with the 
distribution grid. Connection types have a fractional correlation with the 
customer types. 

• Tariff structure factor: Electricity tariff structure is known for affecting the 
electricity demand both in terms of aggregate use and disaggregate load 
profiles.  

Based on the EDSN electricity usage real time data, the aforementioned factors were 
used to construct the electricity load profile of building connections (see  CHAPTER 
4, Sections  4.5.1  and  4.5.3 for more details). 

 Which spatial and technical conditions for the allocation of RET′s to the urban areas 
are integrated in the supply module? 

The successful deployment of the distributed renewable energy technologies in the 
urban environment requires considering multiple technical and spatial conditions 
such as noise, safety and visual impacts (see Section  2.3.1.4 for more details). In this 
research the following aspects have determined the installation conditions of RET′s 
in the urban parcels: 

• The interaction of the RET′s with the parcel specifications: Each type of RET's 
has its own allocation conditions that should be examined in the RET 
allocation process. The applied conditions for the allocation of wind 
turbines and PV-panels in this research are explained in Sections  5.2.1.3 
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and  5.2.2.3, respectively. The spatial conditions can vary on different land 
uses depending on the RET type. PV-panels can only be allocated to the 
parcel containing built-up area. The allocation of wind turbines depends on 
the parcel function, available square meters for turbine installation and 
minimum distance from sensitive areas. To prevent the negative effects of 
wind turbines, including visual and noise nuisance for the residential and 
service areas, a minimum distance between the installation site of the wind 
turbines and parcels with those functions is required. The distance depends 
on the wind turbine specifications such as swept area, rotor diameter and 
tower height. These preliminary conditions will determine the initial list of 
parcels for the allocation of the RET's in the study area. In the allocation 
process of the RET's, if a parcel satisfies all the above-stated spatial 
conditions of the specific RET, the above-mentioned values for the given 
RET in the parcel will be calculated and recorded in the parcel dataset.  

• The mutual interaction of RET′s: Before the allocation of RET′s to the parcels, 
the interaction of the RET with other technologies in the parcel and 
neighboring parcels should be examined. The mutual interaction of RET's 
with each other and other type of RET's varied and this indicates that for the 
allocation of RET's certain requirements in addition to the local spatial and 
technical conditions have to be realized. The allocated PV-panel has no 
effect on the performance of other PV-panels on the neighboring parcels. 
PV-panels also have no effect on the performance of other type of RET's 
such as wind turbines in the same parcel or neighboring parcels. Wind 
turbines have no effect on the performance of PV-panels in the same parcel 
or neighboring parcels, but to prevent a wind turbine effect (wake effect) on 
the performance of other wind turbines, a minimum distance between them 
is desirable. The distance will be determined by the wind turbine technical 
specifications such as rotor diameter and tower height. 

 What are the key variables that are used to calculate the amounts of electricity 
dispatches into and out of storage systems for each hour of the year? 

The electrical power which is generated by the distributed renewable energy 
technologies flows between supply system, storage technologies and demand loads 
for each hour of the year (see Section  6.6.1 for more details). A list of variables was 
employed for modelling the operation of the storage system and calculating the 
hourly energy flow in and out of the storage technologies. These variables are: 

• Surplus/shortage profile: The surplus/shortage profile of the building(s) that 
is connected to the storage system will determine the surplus and shortage of 
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electrical energy for each hour of the year. In this research surplus/shortage 
profile was in the form of a dataset of 8760 hourly values which represents 
the yearly surplus/shortage profile in an hourly resolution. When multiple 
buildings are sharing a storage system, their surplus/shortage profiles are 
aggregated and summarized to a single surplus/shortage profile, 
representing the whole group. For each member of the surplus/shortage 
profile when the value is positive it indicates a surplus of energy in that hour, 
which transmitted to the storage and when it is negative it shows the 
shortage of energy in that hour that should be compensated by the storage 
system. 

• Storage energy/power capacities: The amounts of electrical power which will 
be stored in the storage system depend on the energy/power capacities of the 
storage technology. Energy capacity determines the maximum amount of 
energy that storage can contain and power capacity determines the 
maximum energy that storage can receive per hour. Due to the limited 
energy capacity of the storage, once the total capacity of the storage is filled, 
the storage ceases to store energy. Also, due to the power capacity limitation, 
during the supply peak hours only a portion of the supply can be stored. The 
same happens when the storage is discharging.  

• Storage DOD: The last variable is the storage depth of discharge (DOD) 
which is the percentage of storage capacity that has been discharged and 
expressed as a percentage of the maximum storage system capacity. State of 
charge (SOC) is determined based on the DOD and indicates the current 
energy state of the storage system.  

For each hour of the year, depending on the surplus/shortage profile and power and 
energy capacity of the storage system, energy dispatch into or out of the storage and 
changes the storage SOC. Once the SOC of the storage system for each hour of the year is 
determined, the total stored or released energy can be retrieved (Figure  6-6 shows the 
detailed process of how these variables are deployed to estimate the stored and released 
energy by the storage technologies). 

 Which spatial and technical conditions can affect the configuration of the storage 
solutions? 

In this research the requirements for the installation of storage technologies and the 
interaction of parcels were regulated by several spatial conditions. These conditions 
are:  

• Building level energy storage technologies can only be installed within the 
building parcel. 
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• There must be a parcel with an appropriate function to install the urban 
scale storage system. In this research an appropriate function is a green-
parcel which is suitable for the installation, operation and maintenance of 
the urban scale storage system to support the surrounding buildings. 

• The distance from the green-parcels (installation location of storage systems) 
to the connected buildings (distance-to-green-parcels) has to be within the 
appropriate range. There was no specific regulation about the appropriate 
distance in the literature, however, in this research for demonstration 
purpose a distance of 150 meters is considered as the maximum distance. 

The parcels interactions are also regulated by: 

• The maximum distance between two neighboring parcels for interaction 
(range) must not exceed the specified limit. In this research for 
demonstration purpose a distance of 80 meters is considered as the 
maximum distance. 

• Parcels with the same spatial conditions are allowed to connect. For instance 
parcels which are close to the green-parcels cannot connect to the parcels 
which have a greater distance than the specified limit.  

• A parcel cannot leave its group if its leaving causes a large gap between the 
rest of the group members.  

• Parcels are not allowed to make cross-road connections.  

To explore the performance of the model due to changes in the input spatial 
parameters the sensitivity analysis was conducted. The analysis revealed that there 
are significant correlations between the range parameter (the maximum distance 
between two neighboring parcels for interaction) and the performance of the 
generated storage solutions. It shows that an increase in the range parameter leads to 
the increase in the GB of the solutions which can be explained by the fact that 
increasing the range value leads to the increasing in the distance which parcels can 
interact with their neighbors. This consequently increases the chance that parcels can 
share storage technologies with the parcels with better performance (in terms of 
spatial conditions and surplus/shortage load profiles) that in result generate higher 
GB. Also analysis showed that the storage configurations are also influenced by the 
changes in the range parameter in a way that by increasing the range parameter the 
share of the high capacity storage type in the study area increases and also the 
amount of deployed building scale storage type decreases. The sensitivity test 
revealed that the distance-to-green-parcels parameter has also a significant 
relationship with the performance of the generated storage solutions. It showed that 
an increase in the distance-to-green-parcels parameter leads to the increase in the GB 
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value which can be explained by the fact that increasing the value of the distance-to-
green-parcels parameter results in the increasing the allowed maximum distance 
between parcels and the nearest green-parcel to install high capacity storage 
technologies. The storage configurations are also influenced by the changes in the 
distance-to-green-parcels parameter in a way that by increasing the distance the share 
of the high capacity storage types increases correspondingly.  

 What are the major effects of applying the (a) up-front incentive subsidies and (b) 
electricity real-time pricing policy on the configuration of RET′s and storage 
technologies? 

As a practical demonstration of the urban energy modules for policy analysis two 
demonstrations were developed and their consequences were examined in detail. The 
first policy was the introduction of the up-front renewable energy subsidy. After 
analyses, it was found that while PV-panel subsidies have a positive correlation with 
the PV-panel supply, however, it has a negative correlation with the wind turbine 
supply. The results also revealed that an increase in the PV-panel subsidies will 
reduce the COE. The analysis also showed that there were positive correlations 
between PV-panel subsidies and GB which shows that an increase in the subsidies 
leads to the increase in the GB value as well. This can be explained by the fact that as 
the PV-panel subsidies increase, accordingly the proportion of the PV-panel 
production will also increase in the supply configuration. This resulted in the less 
fluctuations in the electricity production of the RET′s and subsequently storing more 
surplus energy in the storage technologies which generates higher benefits (for more 
detail see Section  7.7). The second policy was applying the electricity real-time 
pricing policy instead of the fix-pricing policy. It is clear from the graphs that 
applying the real-time pricing policy lead to the increase in the GB value for all 
storage scenarios. These changes indicate that the real-time pricing policy can 
significantly increase the feasibility of the storage technologies in the PV-panel 
application. These results can be explained by the fact that although the COS and 
global charge/discharge did not have significant changes for both pricing policy, 
however, as storage system owners can store electricity during the low price hours 
and use it during the evening and night peak hours when electricity price is higher, 
accordingly it generates higher benefit. The analysis also shows that the storage 
configurations in both CES and FDS storage scenarios are influenced by the real-
time pricing policy. As the graphs show in both scenarios with applying the real-time 
pricing policy the number of building scale storage technologies will decrease and the 
proportion of the high capacity storage technologies will increase. This corroborates 
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the positive effect of the real-time pricing program on the attractiveness of urban 
scale storage technologies.  

9.3 Further research 

Although this research has addressed many important questions concerning the 
spatial and energy transformation of the urban environment into renewable-based urban 
energy system (see Section  1.5 for more details), however, it has also raised further 
questions that should be considered in future studies. 

The first issue to consider for further research is analysis of the customer load 
profiling in more detail. As mentioned in Section  4.4.2.1, in this research, each of the 
identified electrical connections was associated with one of the EDSN load profile 
categories (Table  4-20) only based on the physical capacity of the connection and tariff 
structure to generate the yearly load profile of the building connections. However, recent 
technological developments in the integration of electricity grid network in both low and 
medium voltage levels with the digital processing and communication technologies such 
as smart meters have provided the possibility to collect large amounts of time-series data 
regarding consumption behavior of consumers. This data allows considering the 
varieties of physical and behavioral determinant factors to perform a detailed analysis of 
electricity load profiling of different type of consumers. As seen in  CHAPTER 6 the 
connection load profiles have significant effects on the storage system configurations. 
When customers with different load patterns have shared a common storage system, this 
resulted in a further load flexibility within the system and considerable reduction in the 
peak load.  

One of the major scientific contributions of this research was constructing an 
integrated urban energy model that allows analyzing integrally the energy and spatial 
implications of the application of distributed renewable energy technologies in urban 
areas. In this research, mostly 2D geospatial data has been coupled with the urban energy 
modules. However, according to [93], while the cityscape also includes substantial 
vertical surfaces, which can be used for the installation of PV-panels and solar collectors, 
in 2D spatial models, these surfaces are entirely disregarded. Over the last years, 3D 
spatial modelling have vastly grown [4], and technologies such as LIDAR [299] has been 
used to produce remarkably detailed Geo-referenced 3D city models. Also to standardize 
the data processing recently the CityGML [4], [300], [301] as a common data model for 
the representation of 3D urban objects has been developed. The integration of the urban 
energy model framework with the 3D spatial models provides a more extended platform 
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for the further analysis of the energy and the spatial implications of the renewable-based 
urban energy system. 

Another possible future line of research which comes from the storage application 
results, focus on the demand-supply mismatch balancing. An alternative way to smooth 
out the supply-demand mismatch within the grid besides deploying storage technologies 
is to incorporate new smart grid technologies on the demand side. As the 
competitiveness of the electricity in heating (heat pumps) and transportation (electric 
vehicles) continues to increase, this will further contribute to the electrification of the 
energy demand. In this context, it is expected that the penetration rate of technologies 
such as electric vehicles and heat pumps will increase considerably in the near future. 
These devices often have the capability to delay or advance their electricity consumption, 
without loss in user comfort. This will result in the controllable potential shiftable load 
in the grid which allows for the optimization of the supply-demand load balancing. This 
flexibility in the demand load can significantly contribute to the reduction of the peak 
loads and accordingly reduction in the required storage system capacities which can be 
studied by integrating with the proposed storage module in this research. Also, 
experimentation in the form of sensitivity analysis and policy demonstration has 
revealed that there is a significant difference between the results of the supply and 
storage modules for different renewable configurations. This indicates that the optimum 
renewable and storage configuration are significantly affected by the supply 
configurations. In the proposed urban energy model framework, only urban scale 
renewable energy technologies were implemented to determine the optimized supply 
and storage configurations. However, additional analysis can be conducted to study 
other types of RET′s such as biomass, hydropower and geothermal.  

The proposed model in this research is the first step towards developing an 
integrated, comprehensive urban energy model of the built environment which seeks to 
investigate the energy and spatial implications of the application of distributed 
renewable energy technologies in urban areas integrally toward the electrical neutral 
environment. However, both the literature review and the experimentations revealed 
that the proposed model can be improved, particularly by integrating the above 
mentioned aspects. 
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 Geospatial Characteristics APPENDIX C

As noted in Section  4.3.3, in this research to determine the annual electricity usage of 
the building connections, the following geospatial characteristics are also considered. As 
most of these indicators are synthetic, the detail process of the calculation and applied 
spatial datasets are elaborated below: 

• Building height: It is estimated by overlaying the detailed height data of the
area on the 2D footprints of the buildings. The height data, called AHN2, is
captured through airborne LIDAR technique for the whole Netherlands.
Figure I shows the AHN2 point cloud data from part of the study area.
Intersecting the LIDAR point cloud of each building with its 2D footprint
using their planar coordinates (XY coordinates), a statistical height average
has been assigned to each building.

Figure I. AHN2 data; this dataset has been captured using airborne LIDAR technique 

• Urbanization degree: For each building, it is estimated using the land use
map of the region. The land use map is divided into two categories, namely,
urban and non-urban land use. Urban land use consists of urbanized
elements, such as buildings and roads. Non-urban land use, in contrary,
composes of natural elements. Examples of non-urban land uses are forests,
parks and agricultural areas. For each building, we have estimated its
urbanization degree as the proportion of urban/non-urban areas in its
proximity. A buffer with 3km radius is defined for each building to calculate
the urban/non-urban land use share for the building in that radius. Figure II
(left) presents the land use map of part of the study area which is classified
into the urban (red) and non-urban (green) land uses. The resulting
urbanization degree for each building is presented in Figure II (right). Right
part of the image consists of buildings with more green colors. These are the
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buildings with a low urbanization degree. Moving to the left part of the 
image the building color changes to yellow, orange and red. This is the result 
of the urban area increase from right to left, which can be seen in Figure II 
(left). 

Figure II. (Left) Land use map of part of the study area which is classified into two categories of urban 
(red) and non-urban (green) land uses and (Right) the resulting urbanization degree for each building 

which is calculated as the proportion of urban to non-urban land use areas in its 3km proximity 

• Urban density: it is estimated as the total number of buildings in the
proximity of each building. To estimate the local urban density, nearby each
building, a buffer of 100 meters is defined around it. Using the 2D footprint
of the buildings of the study area, the number of buildings overlaying each
buffer is calculated and assigned to the building for which the buffer is
defined. Figure III presents the results of urban density estimation in part of
the study area.

Figure III. Urban density of part of the study area (urban density for each building is estimated by 
counting the number of buildings within its 100 meter proximity) 

• Solar Intensity: The total amount of solar radiation on a specific location has
been estimated for the whole year using ArcGIS software. This software
estimates the solar insolation based on a hemispherical view shed algorithm
[I] developed by [II] and improved by [III, IV].  The input geospatial data
for the calculation of solar insolation is the elevation model as well as the
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latitude of the study area. Figure IV presents an example of the height model 
and the calculated solar insolation of the study area for the whole year. 

Figure IV. (Left) An example of the height model of part of the study area and (Right) the calculated 
solar radiation of the area for the whole year using ArcGIS software 
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