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Abstract
This study focused on improving the positive effects of shading control strategies by extracting and utilizing
information about the surrounding environment. Developing sensor strategies for advanced solar shading
systems which automatically adapts to the surroundings minimizes the need for human interaction and allows
for a simpler commissioning process. This is done by exploring the potential of obstruction detection and
developing an unsupervised method to do so. Threshold calculations using confusion matrices with reference
illuminance sensor data and DGPs values have been done for varying case studies to quantify the number of
‘false’ decisions made by the solar shading system. Manual obstruction isolation was done to create a best-case
scenario regarding obstruction detection. Assigning separate thresholds to the obstructed and non-obstructed
data points resulted in a very minimal decrease of wrong shading positions during office hours, making the
potential of obstruction detection very limited. A method is proposed to automatically identify and predict local
obstructions as seen from the user space by comparing the measured illuminance to their simulated equivalent
and generalizing the results with the use of machine learning. The accuracy of the method is dependent on the
length and start date of the commissioning period. As the prediction is dependent on solar positions, gathering
sufficient training data can take up to a year. The obstruction detection model can then be used to assist in
predicting obstruction events to aid automatic solar shading systems in their decision making regarding the
effects from urban context. A daylight glare probability method evaluation has been conducted to assess the
accuracy of the obstruction detection potential results. The evaluation concludes that DGPs often
overestimates the glare probability compared to the most accurate DGP method, implying DGPs is not the best
glare indicator for the obstruction detection potential assessment. A potential use-case for the SVM obstruction
prediction model could be to be a part of a model predictive control (MPC) system. In a MPC system, the model
should have an idea of the surroundings. Employing the support vector machine obstruction prediction model
allows the urban context to be detected automatically. To further improve the confidence and accuracy of the
prediction model, LiDAR data may be implemented in the model to provide additional information about the
surroundings.
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1

Introduction
Solar shading in high-performance buildings

Previous studies explored and confirmed that the energy performance of buildings is highly dependent on the
design and size of the transparent façades in buildings [1], [2]. Automatic solar shading systems have the ability
to respond to various indoor and outdoor conditions and can significantly improve the performance of a
building [3]. Effective use of daylight has an impact on energy usage [4], [5], thermal comfort [6] and visual
comfort [7]. Daylight is also an important factor in the wellbeing of workers in office spaces. It produces positive
psychological effects and stimulates the visual and circadian system [8]. In order to effectively control solar
shading, the following must be considered: direct sunlight should be cut to reduce cooling load and discomfort
glare, daylight should contribute to task illuminance to reduce electricity for lighting, and the outside view
should be preserved as much as possible [9]. It has been emphasized that the balance between these aspects
should be an important issue in any solar shading control strategy, where glare protection is an essential part
in office spaces since workplaces tend to be fixed and workers often cannot change their position or viewing
direction [10], [11]. Several recent studies deal with the potential of automated control systems in achieving a
balance between the ambition to maximize energy savings and the necessity to control the admission of
daylight and to avoid glare and overheating [12], [13].
The obstruction of sunlight due to nearby buildings reduces natural daylight and could negatively impact the
performance and effectiveness of a daylight linked control strategy. This leads to a common desire for more
information on the energy performance of buildings affected by various degrees of sky obstruction when
daylight linked strategies are implemented. Effective building design considering shading from urban context is
fundamental to optimize energy performance [14]. Blind control strategies are often used for the specific
location and orientation of the building it is designed for. However, studies have rarely considered urban
context impacting the performance of solar shading systems [15]. Conventional methods for improving indoor
daylight conditions and visual comfort often do not consider surrounding buildings. When direct sunlight is
blocked by urban context, blinds can be opened to benefit from indirect sunlight, reducing heating and lighting
demand while visual comfort is maintained. Existing blind control systems that use a feedback controlled
strategy with sensors for measuring illuminance or solar irradiance are not able to differentiate whether direct
sunlight is blocked by urban context or not [16].
This background leads to the awareness that possible changes in control strategies due to surrounding buildings
should be considered for automated blind control. Therefore, the installed or proposed shading system and its
use pattern should be considered as well.
This thesis focusses on developing a control strategy which automatically adapts based on the effect of the
surrounding built environment. The various effects to consider related to (urban) obstructions for solar shading
control are direct, indirect and reflected sunlight.

Current solar shading control systems
Current automated solar shading systems using daylight linked control strategies are categorized as simple or
state of the art. Simple systems use multiple sensors inside and outside the office space to assess and control
daylighting. State of the art modelling systems use varying physics-based models to predict daylight conditions,
often combined with a sensor to assess and control daylighting.
1.2.1
Simple automated solar shading system
Simple automated solar shading systems (Figure 1) control shading based on illuminance determined by sensor
input [17]. The functionality and performance of a simple solar shading system is affected by many parameters.
An example is a system controlled by a rooftop sensor where the difference between horizontal and vertical
irradiance is larger due to urban context. During the design process of the solar shading, the designer has to
take many factors into account that influence the performance of the system. The control strategy must be
decided, as well as the sensor type depending on spectral and spatial response. The sensors have to be correctly
located into the space, luminaires have to be grouped in different control zones and compatible hardware has
to be identified [18]. A major drawback of this system is that this can become challenging to commission and
hard to calibrate, which in turn introduces errors in decision making [19].
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Figure 1 Automatic solar shading system

1.2.2
State of the art automated solar shading systems
Rule based strategies
The current state of the art in automated shading control systems employing advanced rule based control
strategies use varying approaches employing a series of externally mounted sensors to measure sky conditions,
brightness from a buildings’ rooftop and several façade orientations. Rule based control strategies rely on
predefined instructions based on the difference between measured and set-point values. At every timestep,
the inputs are filtered through a set of rules with an ‘if...then’ decision structure in order to evaluate the current
room situation and decide on the appropriate control decision [20].
Model predictive control (with sky modelling)
Model predictive control systems (MPC) use a simulations assisted sensor strategy to assess the impact of
daylighting on blind control. Using this method it is possible to reduce the number of sensors, but challenges
are introduced regarding the slow response of the control system performing real time daylight simulations
that may be time consuming. Another challenge is the lack of fast daylight simulation tools able to be integrated
in the control process [21]. Virtual sensors use simulation to predict conditions at predetermined locations.
Such sensors can potentially replace physical sensors for controlling automated building systems and permitting
sensor locations that would not be feasible for physical devices [22]. Dynamic daylight simulations not only
calculate indoor daylight availability, but are also able to determine energy savings for different control
strategies. Researchers underlined a drawback of dynamic daylight simulations, which is that despite their
reliable daylight simulation, there are limits in simulating photosensors and electric lighting characteristics [18].
Evaluation of artificial lighting demand is based on control points, which ideally corresponds to a photosensor
selected as an illuminance sensor. However, this way spectral and spatial responses are neglected. Finally the
relation between photosensor signal and light output ratio are not considered and absorbed power is neglected
[18].
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Problem definition
The current control strategies show that the complicated and expensive calibration process involved in
advanced daylighting systems is among the several other challenges to make daylighting strategies feasible in
typical sensor demanding systems. The number of sensors can be limited using model predictive control
strategies involving real time simulation studies, but this introduces several drawbacks.
In an ideal situation, the solar shading system is controlled directly using performance aspects like glare,
daylight availability and unobstructed outside view. However, measuring this actively introduces an
intrusiveness problem for occupants, as it is not acceptable to have sensors on occupants’ bodies. Therefore it
is necessary to make control decisions based on non-intrusive sensors. A drawback of these inexpensive physical
sensors is that they typically provide a single value without considering the size, intensity and direction of the
potential glare source. A small specular reflection from a neighbouring building is likely to cause only a small
increase in the value reported by an illuminance sensor while still causing a significant amount of glare.
When an obstruction is introduced, direct sunlight is blocked. The sensor threshold of automatic solar shading
systems may be exceeded by indirect sunlight only, resulting in a situation where the shades will go down even
though there is no risk of glare. This will result in unnecessary loss of daylight and an increased artificial lighting
usage. Automated shading system manufacturers have added the ability to take shadowing from the urban
context into account [23]. However, these measures are often expensive and include time consuming
measurements and manual adjusting/setup of sensor settings. This results in that most automatic solar shading
strategies are not able to take surrounding buildings in account, leading to incorrect decisions, glare and
insufficient daylight. This often results in that proposed improvements on the indoor climate are not met.

Research objectives
The problem definition translates into the following research objectives:
(1)

(2)

To explore the potential of augmenting automatic solar shading systems with knowledge about
the urban context for a more effective operation;
To develop and test an unsupervised method for obstruction detection.

The main objective of this graduation project is to improve the positive effects of shading control by extracting
information about the surrounding environment. The proposed control algorithm aims to influence the
behavior of the solar shading system based on knowledge of the built environment, leading to better building
performance. Developing sensor strategies for advanced solar shading systems which automatically adapts to
the surroundings minimizes the need for human interaction and allows for a simpler commissioning process.
The proposed method aims to reduce glare and increase daylight in (office) spaces that experience hindrance
in daylight quality caused by surrounding buildings. The approach aims to be scalable since it only requires
common available data from a single photometer with no further need for human intervention.

Hypothesis
As shown in Figure 2, during periods when neighbouring obstructions cast shadows on the building facade,
indirect sunlight can still trigger the basic solar shading threshold even though there is no risk of glare. Initial,
explorative simulations using confusion matrices showed an area of wrong decisions based on sensor
illuminance and glare potential in the position of obstructions. This is further explained in section 4.2.
Separating the obstruction allows to introduce a second threshold which is only used for data points where the
sun is behind the obstruction. During periods where there is no risk of glare, daylight usage can be increased
and artificial lighting usage can reduce. Threshold optimization can aid in the reduction of noise in measurement
data. The potential constraints introduced by obstructions may be resolved using machine learning, discussed
in chapter 5.
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Figure 2 hypothesis example

Thesis outline
Section 2 discussed the research methodology used to explore the research objective. The case studies used to
analyse the hypothesis are explained in detail in section 3. Section 4 discusses the obstruction detection
potential, utilizing different manual strategies to isolate obstructions. To make the method unsupervised,
section 5 describes the proposed model making use of machine learning. The daylight performance of the
manual and automated model are discussed in section 6. A glare potential method has been evaluated and
discussed in section 7, after which the conclusion and discussion will take place in section 8.
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2

Research methodology

The research objective will be explored with multiple case studies using simulations. Glare and illuminance
studies are simulated using Daysim with a 15-minute timestep. The obstruction detection potential discussed
in chapter 4 starts with threshold calculations, which are carried out using confusion matrices and are discussed
in section 4.1. Section 4.3 explores the potential of obstruction isolation and the application of multiple
thresholds. To automate the obstruction detection, and develop an unsupervised method, section 5 proposes
a workflow which uses machine learning to predict obstruction events. The analysis on the performance of the
sensor strategy is based on performance indicators discussed in section 2.1. Figure 3 shows an overview of the
research methodology.

Figure 3 Research methodology overview

Performance indicators
The performance indicators where the analysis of the proposed sensor strategy will be based on are:
sDA300lx,50%: Spatial daylight autonomy 300 lux 50% sDA refers to the percentage of the area where daylight
illuminance is higher than the target level for more than a specified occupied period in a year. It allows for the
characterization of daylight quantity using a single value.
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DGPs: In order to assess the glare, simplified Daylight Glare Probability is used. The normal DGP method is based
on the evaluation of a picture. To overcome the large computational effort required to generate pictures at
every time step of the simulations, a simplified method to calculate the DGP is investigated. It was shown that
the vertical illuminance at eye level (Ev) shows a reasonable correlation to the glare perception in instances
where occupants are not exposed to direct sunlight [24]. From this publication, the DGPs could be derived with
equation 1:
𝐷𝐺𝑃𝑠 = 6.22 ∙ 10−5 ∙ 𝐸𝑣 + 0.184

(1)
Table 1 DGPs categories

This equation doesn’t take the influence of individual glare sources into
account, and therefore cannot be used in case of direct sun or when specular
reflection hits the eye of the observer. Table 1 shows the glare categories
that have been defined based on user assessments results gathered within
a comprehensive user assessment study in test rooms done by Wienold [25].
These DGP limits should not be exceeded in more than 5% of office time.

Glare rating
Imperceptible
Perceptible
Disturbing
Intolerable

DGP value
< 0.33
0.40
0.45
> 0.45

Energy consumption: Another performance indicator used in this study is the annual artificial lighting demand
for electric lighting. This is calculated using a closed loop strategy using two ceiling-mounted lamps with
integrated illuminance sensors facing towards the floor. These lamps are positioned two and five meters from
the window. As soon as the work plane illuminance falls below the threshold, the lamp immediately provides
the needed illuminance to maintain the threshold. For this study, the threshold is set at 500 lux and the light
power is set at 10.7W/m2. The annual energy is then computed using equation 2:

𝐴𝐴𝐿𝐷 =

𝐿𝑢𝑥𝑖
∗𝑃
𝑡ℎ𝑟
𝐴 ∗ 𝑡𝑠

∑𝐴 ∗

(2)

Where:
𝐴𝐴𝐿𝐷 = 𝐴𝑛𝑛𝑢𝑎𝑙 𝐴𝑟𝑡𝑖𝑓𝑖𝑐𝑖𝑎𝑙 𝐿𝑖𝑔ℎ𝑡𝑖𝑛𝑔 𝐷𝑒𝑚𝑎𝑛𝑑 𝑖𝑛 𝑘𝑊ℎ/𝑚2 𝑓𝑜𝑟 𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 ℎ𝑜𝑢𝑟𝑠
𝐴 = 𝑆𝑢𝑟𝑓𝑎𝑐𝑒 𝑡ℎ𝑎𝑡 𝑡ℎ𝑒 𝑙𝑖𝑔ℎ𝑡 𝑠𝑜𝑢𝑟𝑐𝑒 𝑖𝑙𝑙𝑢𝑚𝑖𝑛𝑎𝑡𝑒𝑠 𝑖𝑛 𝑚2
𝐿𝑢𝑥 = 𝐼𝑙𝑙𝑢𝑚𝑖𝑛𝑎𝑛𝑐𝑒 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑒𝑎𝑐ℎ 𝑔𝑟𝑖𝑑𝑝𝑜𝑖𝑛𝑡 𝑖 𝑖𝑛 𝑙𝑢𝑥
𝑡ℎ𝑟 = 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑖𝑛 𝑙𝑢𝑥
𝑃 = 𝑃𝑜𝑤𝑒𝑟 𝑜𝑓 𝑙𝑖𝑔ℎ𝑡 𝑠𝑜𝑢𝑟𝑐𝑒 𝑖𝑛 𝑊𝑎𝑡𝑡
𝑡𝑠 = 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 (𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑) 𝑡𝑖𝑚𝑒𝑠𝑡𝑒𝑝𝑠

Software
During this research, yearly illuminance data was not readily available from measurements. Therefore the
illuminance data was simulated using the Radiance-based simulation environment Daysim. Daysim needs a
description of the geometry and materials, which have been modelled in Rhinoceros. Secondly Daysim needs a
description of the light sources for each timestep. In this study only daylight is used, which is described with a
sky luminance distribution.
2.2.1
Illuminance simulations using Daysim
The illuminance simulation with a 15-minute interval are run using Daysim with the DDS method. This method
is appropriate for cases where sensors experience rapid changes in solar exposure, for example in urban
canyons [26]. Daysim is a simulation engine using Radiance and combines its daylight coefficient approach with
the Perez sky model. The Radiance lighting simulation engine uses a hybrid approach of Monte Carlo and
deterministic ray tracing to achieve a reasonably accurate result in a reasonable time [27]. The Perez all-weather
sky model is a mathematical model used to describe the relative luminance distribution of the sky. Daysim
makes use of diffuse and direct raytracing, as well as a ground model for ground reflections. Daysim has fast
calculation times since it uses the daylight coefficient method and is together with Radiance integrated in the
simulation environment Honeybee/Ladybug [28]. The weather file used for the simulations is based on the
hourly IWEC Amsterdam (The Netherlands, latitude = 52.30°, longitude = -4.77°) weather file [29], which is
linearly interpolated to an interval of 15 minutes.
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3

Case studies

The proposed method is analysed using case studies. The studies will compare different obstructions and
orientations based on the performance indicators mentioned in section 2.

Reference office
The reference office used for simulation is the IEA SHC
Task 56 reference office for building integrated solar
envelope systems [30]. It has dimensions of 6.0m
(length) x 4.5m (width) x 3.0m (height), resulting in a
rectangular floor plan with a gross floor area of 27m2
and volume of 81m3. The space has one window of
4.10m (length) x 2.65m (height). The reflection
coefficients of the ceiling, walls and floor were set as
0.8, 0.5 and 0.2 respectively, the reflection coefficient
of the exterior ground was set at 0.2. The office has
been modelled in Rhinoceros, from where it is used by
Grasshopper and Ladybug for illuminance simulations.
The grid of 108 measurement points used for daylight
calculations has a spacing of 0.5m. Grid points were
distributed equally on the workplane 0.75m above the
floor. Figure 4 shows the dimensions of the space and
the arrangement of the calculation grid. For the glare
assessment four measurement points (sensor 109-112)
were used 1.2m above the floor as shown in Figure 5.
Finally two measurement points facing outside are
placed 1.2m above the floor just in behind and in front
of the glass pane of the window (sensor 113 and 114).

Figure 4: Reference office with calculation grid

Obstructions
Figure 5 Sensor locations

The obstructions used to analyse the method are based on a common occurrence, a street canyon. The
simulated street canyon has a width of 17m with obstructions varying from 10m to 15m in height. Two
situations have been considered, a full street canyon and an asymmetrical obstruction as seen on Figure 6. The
obstruction consists of a material with a red, blue and green reflectance of 0.35, a roughness of 0.05 and a
specularity of 0. The glazing, used to assess reflections, has a red, blue and green reflectance of 0.713, a
roughness of 0 and a specularity of 0.1.

Figure 6 Asymmetrical obstruction (left) and full street canyon (right)
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3.2.1
Reflective case
To test the further impact of reflections, an extreme obstruction is introduced.
Figure 7 shows a large building with a glass façade causing reflections towards
the office space. The glazing also uses a red, blue and green reflectance of 0.713,
a roughness of 0 and a specularity of 0.1.
3.2.2
High rise case
To further analyse the rapid changes in solar exposure the model has to react
to, a more extreme case with high rise buildings is used. Figure 8 shows the case
study with a mix of low and high rise buildings, with open areas in between as
well.
Figure 7 Reflection obstruction

Glazing and solar shading system
The glazing used in the case study represents a low emission double glazing with
an argon filled cavity. For the assessment including a solar shading system, a
roller blind system is used which either can be fully opened or fully closed. The
values shown in Table 2 represent a homogeneous diffusing shade.

Figure 8 High rise obstructions
Table 2 Fenestration and solar shading system assumptions

Glazing
Fenestration with solar shading

Red, Green, Blue Transmittance
Refractive index
Red, Green, Blue Transmittance
Refractive index

0.770
1.520
0.010
1.520
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4

Obstruction detection potential

In the introduction it was mentioned that when direct sunlight is blocked by urban context, blinds can be
opened to benefit from indirect sunlight, reducing heating and lighting demand while visual comfort is
maintained. To assess the potential of obstruction detection, threshold calculations have been conducted to
evaluate the performance of the system, quantifying the amount of right and wrong decisions. The potential
assessment is based on information and results manually collected from data and simulations where the
obstruction location and silhouette is known.

Threshold calculation
The goal of the threshold calculations is to find a control threshold that matches well with potential glare
problems and daylight performance without too many wrong decisions. An example how indoor illuminance
sensors can be used as input is shown in Figure 9. Using a confusion matrix, the strategy can determine the
threshold where the reference sensor can safely assume the shading can be raised or closed without causing
glare. The graph is based on the results from the illuminance simulation for a south orientation. It shows the
DGPs values for two viewing directions, plotted as a function of the reference sensor behind the window (sensor
113). For both the viewing position towards the wall (sensor 109 and 110) and the viewing position towards the
window (sensor 111 and 112), the maximum value of both positions is used. The graph shows the effectivity of
a sensor threshold detecting the conditions where a risk of glare can occur. The limit where glare starts to be
disturbing is above a DGPs of 0.4, indicated by a horizontal line in the graph. A threshold is then determined
based on the data and visualized using a vertical line. An offset can be used to allow some glare, in favour of
reducing the time the shading is down, admitting more daylight. Detecting a risk of glare is called ‘positive’ in
this graph. The four quadrants of the confusion matrix are used to indicate the performance of the sensor
threshold. True positives are moments where the chosen threshold correctly assumes there is a risk of glare,
resulting in the solar shading going down. False positives are moments where the sensor threshold causing the
solar shading to go down when there is no risk of glare, resulting in unnecessary loss of daylight. True Negatives
are moments where the threshold rightly assumes there is no risk of glare and the solar shading can be raised.
Finally, false negatives indicate moments where the threshold leads to a wrong decision where the solar shading
is raised while there is a risk of glare, resulting in a situation where disturbing glare occurs.

Figure 9 DGPs for two viewing position versus vertical illuminance sensor for a case facing south
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Single threshold
The results from the confusion matrix can be plotted in a sun chart map. A sun chart map can be used as a
scatter plot with the solar azimuth and elevation in combination with a value for a certain moment. Figure 11
shows a Cartesian sun chart scatter plot with the results of the south orientated study without an obstruction,
for a viewing position facing a window on a 45 degrees angle. The plot uses a grid with the solar azimuth on the
x-axis and the solar elevation on the y-axis. The grid represents the solar positions as seen from the reference
illuminance sensor. It is filtered for a sun elevation greater than 0, meaning only moments when the sun is up.
Furthermore it is filtered for office hours from 08:00 until 17:00.

Figure 11 Cartesian sun chart map from threshold calculation south orientated

Figure 10 Cartesian sun chart map from threshold calculation south oriented

The calculated threshold acts as a baseline that can be used for other cases. Figure 10 shows the performance
of the sensor threshold of 5,283 lux used for the street canyon case study. The used threshold corresponds to
a false negative of 2% and a false positive of 2%, with the majority of false decisions in the area of the
obstruction. The increase of wrongfully up positions indicate additional glare moments occurring. These
moments are problematic since glare distracts users from work, resulting in lowering the blinds and therefore
reduce natural daylight throughout the day. However, an increase of 1% is not considered significant. When a
more extreme obstruction is introduced with the high rise case study, more wrong decisions occur because of
the changes in solar exposure due to the obstruction. Figure 12 shows the results for the high rise case study,
in which there is a majority of wrongfully down positions, indicating the solar shading could have been up
without glare occurring. These points can be explained for incidences behind the obstruction, since direct
sunlight is blocked. Since the wrong decisions are not consistently located inside the obstruction outline,
knowledge about the obstruction will only result in a small decrease of wrong decisions.

Figure 12 Cartesian sun chart map from threshold calculation south oriented high rise case
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Multiple thresholds
The hypotheses stated that obstruction detection aids in the performance improvement of the office space.
Since the majority of false decisions is located in the area of the obstructions, assigning a different threshold to
that area can influence the number of wrong decisions during the year. When the sun is behind the obstruction
the data point of that given time lies in the obstruction area.
4.3.1
Manual obstruction isolation
The data points have been separated manually to assess the best case scenario of isolating the obstruction area
and assign a separate threshold to the moments the sun is behind an obstruction. As seen in Figure 13,
thresholds for both the obstruction points and free-view data points have been calculated using separate
confusion matrices which can then be combined to calculate the results. The separate calculations show a small
decrease of 1.5% in wrong decisions during office hours. As a result, for this case, multiple thresholds can reduce
the amount of wrongfully up moments, minimizing glare. However, the improvement is very minimal. Results
using the high rise case study show a decrease of 1% in wrong decisions, resulting in a low potential of
obstruction detection improving the solar shading system.

Figure 13 Manual obstruction isolation

Reflections
Looking at reflections, the threshold has been calculated for a case without an obstruction facing north. The
sensor threshold is then applied to the reflective case study, resulting in the confusion matrix shown in Figure
14. The narrow, linear line indicates an accurate performance regarding illuminance and glare probability due
to reflections. As a result, for this case study, obstruction detection regarding reflections is superfluous.

Figure 14 DGPs for two viewing position versus vertical illuminance sensor for reflective case facing north
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Support Vector Machine obstruction
prediction model

In order for the sensor strategy to be unsupervised as projected in the research objective, the process of
detecting the obstruction has to be automated. A method inspired from Bógnar et al. [31] is proposed to identify
and predict local obstructions as seen from the user space by comparing the measured illuminance to their
simulated equivalent and generalizing the results with the use of machine learning. Illuminance data was
gathered from the simulations and post-processed using Python. The obstruction detection model is written in
Python and is using the Support Vector Machine classification with the radial basis (RBF) kernel. This is
implemented using the Scikit-learn package [32]. A step-wise procedure is shown in Figure 15, where the
process is split in two general parts: the commissioning period and the operation period.

Figure 15 SVM obstruction model flowchart

5.1.1
Commissioning period
In order to be able to differentiate obstructions from free-view, local and environmental data is used as input
for an illuminance simulation which is then compared with measured illuminance representing operational
sensor input. Using historical data allows the model to have a reference for the data to fit to. The data is filtered
for the intent of only using moments where the sky is clear from clouds for the training purposes of the Support
Vector Machine (SVM). If illuminance measured by the photosensor is lower than the in the simulated results
on these moments, this is concluded to be caused by an obstruction. Clearsky days are categorized using a
clearsky index (CSI), calculated by dividing the direct horizontal irradiance (DHI) by the global horizontal
irradiance (GHI). During fully clouded moments, DHI and GHI values are equal. On fully clear sky days, the DHI
values are typically between 10-20% of the GHI values. The diffuse fraction is obtained by dividing DHI by GHI.
When the CSI is near 1, the sky is fully clouded, values near 0.2 represent a fully clear sky.
For this case, the dataset consists of two features, shaded (+) and unshaded (-). These data points are used to
train the SVM and construct a hyperplane dividing the datasets in two classes. The RBF kernel used to determine
the shape of this hyperplane allows for a non-linear soft-margin classification using the 𝐶 and 𝛾 parameter. The
𝐶 value allows to disregard misclassifications by simplifying the decision curve between the two classes. A low
𝐶 results in a smooth decision curve whereas a high 𝐶 aims to classify all training points correctly as shaded or
unshaded. The 𝛾 value defines how far the influence of a single training data point reaches, with low values for
𝛾 meaning ‘far’ and high values for 𝛾 meaning ‘low’. The classification takes place on a grid, in this case a 2D
grid using the solar azimuth on the x-axis and the solar elevation on the y-axis. The grid represents the solar
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positions as seen from the reference illuminance sensor on which the new data points are projected as
obstructed (+) and not obstructed (-). Combining all the points classified as obstructed results in the obstruction
detected and predicted by the SVM.

Unshaded training points

Shaded training points

Figure 16 Training data for street canyon case, unfiltered (left) and filtered for clearsky (right)

5.1.2
Operation period
Once training the SVM is complete, the decision curve can be extracted and used to classify new data points to
the (+) or (-) class based on their features and position on the grid. From an evaluation of all parameters that
influence the SVM results, the 𝐶 and 𝛾 values have the biggest influence on the decision curve. These two
parameters have been analyzed more carefully using a range of values applied to the street canyon case. Figure
17 shows the results from the parameter analysis, with training points and the actual obstruction outline added
as a comparison. From this it can be seen that the 𝐶 value should be around 100 and 𝛾 values around 2.5 for
the street canyon study.

Figure 17 𝐶 and 𝛾 parameter analysis
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Performance of the SVM in detecting obstructions
Looking at the high rise case study, results from the SVM obstruction model show the limitation that is
introduced when using sun positions as input. Figure 18 shows that for tall obstructions, the detected height is
limited to the sun positions during the commissioning period. Openings between neighbouring buildings are
mostly incorrectly classified as obstructed. This problem arises in the training data due to the discretization of
sun positions by Daysim, meaning changing SVM parameters will not drastically change the classification in
these openings.

Figure 18 SVM obstruction model results for high rise case

To reduce the minimal commissioning phase duration as much as possible, less data can be used as training
data input. Again, the training data relies on sun positions, and therefore the minimal commissioning period is
dependent on the obstruction height and start date. Figure 19 shows an example of the SVM obstruction model
using three months of training data from January up to and including March. The results for the street canyon
case show a reasonable prediction after three months, while for the high rise case tree months of training data
does not suffice.

Figure 19 SMV obstruction model using limited training data, for street canyon (left) and high rise (right) case studies
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6

Performance assessment

This chapter discusses the performance assessment of a context-aware suntracking strategy using manual
obstruction detection discussed in section 4 and automatic obstruction detecting through the SVM model
discussed in section 5. Note that for the SVM results, the north facing cases have no results. This is due to the
lack of shaded classified data in the area the sun positions reach for that orientation.

Glare
Throughout this research DGPs is used to express the potential glare issues. To evaluate glare performance, an
overall assessment within a time period is needed to judge a solution not only for specific situations. Figure 20
shows the DGPs performance of the street canyon case study for both a single threshold and multiple
thresholds. The data has been filtered for office hours from 08:00 until 17:00. The images show a distinctive
overlap between the two methods for both a South and West oriented case study.

Figure 20 Annual DGPs profile for office hours. Street canyon oriented South on the left, West on the right

Table 3 shows the DGPs value within 5% of office time and the amount of hours where the DGPs threshold of
0.40 is exceeded for the different case studies, orientations and threshold calculations during occupied times.
The results show a very minimal decrease in glare during 5% of office time utilizing multiple thresholds. The
larger decrease in glare exceeding hours for the SVM model results from a stricter threshold, increasing the
amount of time that the solar shading is down. However, this occurs on the expense of the other performance
indicators and the results do not indicate a more beneficial performance trade-off from the context-aware SVM
approach.
Table 3 DGPs results
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Spatial Daylight Autonomy and energy usage
The daylight performance in Table 4 is presented using the Spatial Daylight Autonomy with a threshold of 300lux
during at least 50% of occupied time. Energy usage is assessed using a closed-loop system with two light
sources, and presented in Table 5. The results show a minimal decrease in performance employing manual and
predicted obstruction detection and applying multiple thresholds. The decrease in overall performance using
the proposed strategy suggest that daylight entrance is restricted during periods that are beneficial to the
sDA300lx,50% and artificial lighting demand. The decrease in sDA300lx,50% and increase in energy usage implies the
SVM prediction model in combination with multiple thresholds is not a suitable strategy to increase the
performance of automated solar shading systems.
Table 4 Spatial Daylight Autonomy results

Table 5 Annual Artificial Lighting Demand results
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7

Daylight Glare Probability method
evaluation

This chapter discusses the accuracy of using the simplified Daylight Glare Probability (DGPs) as indicator for
glare during this research.

Alternatives
The alternatives for evaluating the risk of glare embodied in the used simulation environment are:
Enhanced simplified Daylight Glare Probability: The enhanced simplified Daylight Glare Probability (DGPs_e),
uses a simplified image that includes the main glare source, without spending too much effort in calculating the
exact luminance distribution within the room. This allows for a rapid simulation of DGP values.
Daylight Glare Probability: The most accurate method for calculating potential glare is the Daylight Glare
Probability (DGP). The conventional DGP calculation method uses Radiance rendering routines to analyse a full
180° image for every timestep of the simulation using Evalglare. This method is very time consuming mainly
due to bouncing reflection calculations within the scene.

Performance
The three methods for determining the risk of glare are compared during various circumstances. Important to
note is that the DGP has been calculated once for every hour. Using a south facing case without an obstruction
in Figure 21, the three DGP methods are compared with each other for office hours on April 5th. The results for
this fully clouded day show an overestimation of glare probability using DGPs compared to the most accurate
DGP calculation method.

Figure 21 DGP method comparison for case without obstruction facing South, on April 5 th during office hours
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Figure 22 shows the results for the high rise case on March 31st. During this clear day, the sun is obstructed
multiple times by the neighbouring buildings. Similarly to the non-obstructed case, DGPs values are often
categorised different from the most accurate DGP method, indicating a difference in risk of glare.

Figure 22 DGP method comparison for high rise case without facing South, on March 31st during office hours

Figure 23 shows an example of the DGP
results for the high rise case study on
March 31st, for a viewing position 45
degrees towards the window. At 11:00
the sun is partially blocked by the
obstruction, resulting in a glare
probability
of
0.31,
indicating
imperceptible glare. At 12:00 the sun is
not obstructed by the building,
resulting in a maximum DGP of 1.0,
indicating intolerable glare.
Figure 23 DGP result high rise case, on March 31st at 11:00 (left) and 12:00 (right)
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Conclusion and discussion
Conclusions

This study focused on improving the positive effects of shading control strategies by extracting and utilizing
information about the surrounding environment. The results from the confusion matrix for the street canyon
case study showed a majority of wrong shading positions in the area of the obstruction, implying obstruction
detection has the potential of optimizing the decision making of automated solar shading systems. However,
manual obstruction isolation was done to create a best-case scenario regarding obstruction detection. Assigning
separate thresholds to the obstructed and non-obstructed data points has no substantial influence on the
number of wrong decisions, resulting in a low potential to improve the performance of advanced solar shading
systems. Since the results turned out not to be as promising as expected in the hypothesis, a daylight glare
probability method evaluation has been conducted to assess the accuracy of the results. The evaluation
concludes that DGPs often overestimates the glare probability compared to the most accurate DGP method.
Therefore, the accuracy of the potential of obstruction detection is uncertain since DGPs appears to not be the
best indicator to judge the results of the research objective.
To achieve unsupervised obstruction detection, a method is proposed to identify and predict local obstructions
as seen from the sensor position by comparing the measured illuminance to their simulated equivalent and
generalizing the results with the use of machine learning. The method consists of two steps: the commissioning
period and the operation period. The approach aims to be scalable since it only requires common available data
from a single photometer with no further need for human intervention. When complex obstructions containing
gaps in between buildings are introduced, the model is unable to predict openings where sun exposure is only
partially obstructed, like in the high rise case study. The accuracy of the method is dependent on the length and
start date of the commissioning period. As the prediction is dependent on solar positions, gathering sufficient
training data can take up to a year. The obstruction detection model can then be used to assist in predicting
obstruction events to aid automatic solar shading systems in their decision making regarding the effects from
urban context.

Discussion
Using DGPs as performance indicator for glare during this thesis has not been the best indicator for the research
objective. DGPs has been proven to be a reliable indicator for glare in cases where the sun is not in the direct
view of an occupant. This thesis included obstructions that cause rapid changes in solar exposure due to the
sun partially being blocked. Sun position discretization in combination with the timestep used are responsible
for wrong assumptions. Once the sun is not obstructed, direct sunlight is the main cause of glare, being in the
direct view of an occupant. For these situation DGPs is not the best indicator for glare. Additionally, perception
of glare can still occur due to direct sunlight being visible through a fabric roller shade, even when not indicated
by sensors.
A critical look on the SVM obstruction prediction model shows several limitations. The dependency on solar
position during clear sky periods makes the model less than ideal regarding commissioning time. The best fitting
values for the 𝐶 and 𝛾 have to be investigated for each sensor and case individually, requiring a lot of manual
labour. This questions the unsupervised aspect of the research objective as the optimal values for the 𝐶 and 𝛾
are sensitive to the density of training data. Using less data or a different timestep may result in a necessity to
re-evaluate the parameter values. Small objects and cavities between buildings cannot be predicted by the SVM
obstruction detection model proposed in this research, but are important regarding potential glare conditions.
Therefore, an alternative method exploiting LiDAR data to identify smaller objects may be implemented to
provide additional information about the surroundings impacting the performance of solar shading systems.
The potential of obstruction detection was assessed using a best-case scenario where the obstruction can be
detected with a 100% accuracy. The performance using the SVM obstruction prediction model varies between
performance indicators. Where glare exceeding hours are lower, the SDA300lx,50% is also lower and energy usage
is higher. This is expected when a different strategy is used in which solar shading is more often closed
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compared to the best-case scenario. This implies that a 100% accuracy is not necessary to benefit from the SVM
obstruction model. However, the minimum accuracy needed has not been investigated. A close look at the
unfiltered training data shows the obstruction outline is similar to the results from the SVM obstruction model.
Using the ‘shaded’ data points as input for sensor strategies is possible. However the training data also classifies
data as ‘shaded’ during partially overcast sky conditions, resulting in a necessity to filter these moments. The
training data after the filter is scattered, and the SVM obstruction model aids in combining the data to a more
realistic obstruction shape. Additionally, the commissioning phase can be repeated to account for changes in
the urban context.
8.2.1
Further research
A potential use-case for the SVM obstruction prediction model could be to be a part of a model predictive
control system. In a MPC system, the model should have an idea of the surroundings. Employing the SVM
obstruction model allows the urban context to be detected automatically. Certain sensors are expensive and
generally installed once per building or façade, like pyranometers and HDR sky scanners. These central sensors
are unable to predict effects from local shading on the room level. Employing cheap, local illuminance sensors
combined with the SVM obstruction detection model, knowledge of central sensors can be combined to make
predictions on floor or room level. To further improve the confidence of the prediction model, LiDAR data may
be implemented in the model to provide additional information about the surroundings. LiDAR-based
approaches are capable of detecting smaller objects impacting the daylight performance like foliage or
antennas. Additionally, implementing LiDAR-based models may increase the accuracy of detecting small gaps
in-between buildings previously classified as shaded. More research is required to accurately differentiate
reflections from shaded classified data points. As of now, the reflecting surfaces are part of the obstruction.
The ability to distinguish reflecting surfaces allows the introduction of a third class in the SVM obstruction
prediction model: reflections. To further increase the resolution of the obstruction maps, increasing the
timestep may result in a more accurate description of sun positions. An important factor that has to be taken
in account is sun position discretization. If a sun position is used for multiple timesteps, the accuracy of the
model decreases.
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