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“Život jeste i uvijek će biti jednadžba čije je rješenje neuhvativo,
ali ona ipak sadrži određene poznate činjenice.”

“Life is and will ever remain an equation incapable of solution,
but it contains certain known factors.”

Nikola Tesla

Summary
One of the key challenges in the built environment is achieving a balance between reduced
energy consumption of building services systems while maintaining a high thermal comfort
standard for building occupants. Reduction in the energy consumption of building services
systems such as heating, ventilation and air conditioning systems is crucial because it contributes
towards a clean and carbon-free environment and economy. In the same vein, ensuring a high
standard of thermal comfort for building occupants is also essential as it impacts the health and
productivity of occupants. To reduce energy consumption and improve the thermal comfort of
building occupants new research methods have focused on personalized thermal comfort and
personalized conditioning systems. The focus is shifted from an average person to the individual
person and their personal comfort that is achieved with conditioning using personalized
conditioning systems (PCS). This is because PCS is considered to be able to improve the comfort
of individual occupant and energy performance of conditioning systems.
In this study a combination of comprehensive literature review, modeling and experimental study
in the climate chamber of the TU Eindhoven was performed. In the first part of the research, a
literature review established the course of the development of the thermophysiological models
and their role in the methodology for modeling thermal comfort in buildings. The review
indicated that modeled physiological responses using thermophysiological models coupled with
other non-physical parameters (behavioral and cultural) are a valuable part of the methodology
for predicting thermal sensation.
Following the review, a hand thermophysiological model was developed in order to model the
hand skin temperature in relation to body composition. Previous studies revealed that individual
differences such as gender, body composition and age cause different physiological responses in
individuals in the same thermal environment. This study provided a brief review of studies
looking into the relationship between regional human body temperatures, blood flow and body
composition. Furthermore, using a developed hand model, the effect of physiological
characteristics on hand skin temperature was determined. Hand skin temperatures of obese and
normal-weight individuals were simulated and the results were validated with experimental data
from the literature. The results revealed that different body composition indeed results in
different regional skin temperatures. Since local skin temperatures were used as an input for
thermal sensation models, the results obtained in this study should be taken into account when
modeling local skin temperatures.
Having established in the first part of the thesis the importance of individuality and personal
approach in thermal comfort, the second part of the thesis focused on personalized model
predictive control and the development of predictive models using machine learning algorithms.
Machine learning method was applied for the prediction of individual models to control a
personalized heating system. The first set of experiments were conducted to collect data for
training and testing personalized model and in the second set of experiments, the developed

x

Summary

neural network models were on-line implemented. The personalized heating settings were
predicted and the automatic control was evaluated. The results demonstrated high accuracy in
predicting heating settings with new data and with on-line implementation. Lastly, the research
demonstrated that user control can be automated.
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1
Introduction
1.1 Background
Health, increased quality of life and productivity came along as a direct benefit of fast
development in society, technology, and the modernization and complexity of buildings. On the
other hand, as a consequence of building modernization, population growth and comfort needs,
energy demand has increased rapidly. With the aim of providing a thermally comfortable and
healthy environment for building occupants, heating, ventilation and conditioning (HVAC)
systems account for 50% energy consumption in the building sector [1,2]. Notwithstanding the
high energy consumption, only in 11% of buildings is a high level of satisfaction with the thermal
environment (80%) for the occupants achieved [3].
Indoor environment quality is composed of thermal comfort, lighting environment, acoustic
environment and indoor air quality with thermal comfort being the most influential indicator for
occupant satisfaction and performance [4]. ASHRAE (American Society of Heating,
Refrigerating and Air-Conditioning Engineers) defines thermal comfort as the condition of mind
that expresses satisfaction with the thermal environment [5]. A standard parameter used to assess
satisfaction with the thermal environment is thermal sensation [5].
Commonly applied thermal comfort standards in building design process are established upon
Fanger’s model [6] and the adaptive approach [7,8]. The Fanger’s PMV (Predicted Mean Votes)
model is based on six parameters and predicts thermal responses in steady-state climate
environment for the whole human body [2,8]. However, building occupants are often performing
their activities in non-uniform and transient environment. Given that overall thermal comfort in
non-uniform and transient environment is influenced by the local thermal sensation [9],
predicting local skin temperatures and local thermal comfort is now considered important.
Fanger’s model aims to predict the mean thermal comfort of a group of people [8], and building
occupants are represented as an average person. Yet, people physiologically respond differently
in a thermal environment based on their individual differences (men and female, young and
elderly and obese and normal weight people) [10–12]. Thus, in assessing overall and local
thermal comfort as well as predicting local skin temperatures, individual physiological
differences between building occupants were being considered in recent research.
Therefore, thermal comfort has been a research area in the built environment, specifically as it
relates to the human body’s heat exchange and interaction with the surrounding environment.
These efforts resulted in the development of human thermoregulation models also called
thermophysiological models. These mathematical models describe physiological responses and
heat transfers of the human body aimed at predicting the thermal responses of building occupants
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that face different thermal conditions on a daily basis in the built environment [2,13].
Thermophysiological models enable the calculation of the core and skin temperatures that are
further used as an input for thermal sensation models that predict thermal sensation and comfort.
Together these models are part of the methodology for predicting thermal comfort and sensation
(Figure 1.1).

Figure 1.1.The general concept of methodology for human comfort modeling

The development of personalized conditioning systems is a direct consequence of the high
energy consumption in the built environment [14,15]. In contrast to HVAC systems that aim to
create a uniform environment in the entire conditioning space, personalized conditioning systems
aim to condition relatively small space around the user [14]. Building occupants are able to
create their own local thermal environment based on their thermal comfort preferences with the
means of personalized heating and cooling systems. These systems are targeting local body
climate and can improve individual comfort while reducing energy consumption [16–20]. With
growing interest in personalized conditioning systems, the local thermal sensation becomes of
importance since in non-uniform and transient environment it has an effect on overall thermal
comfort [9]. Consequently, methods and models for predicting thermal comfort need to be able
to accurately local thermal sensation and comfort. This includes the accurate prediction of local
skin temperatures.
Personal control where users determine the settings of personalized heating and cooling systems
at any given time is a predominantly applied method of control [21]. Positive feedback and
impact on perceived comfort were observed in studies that implemented personal control of the
thermal environment [22–24]. However, it was also reported from another study that there were
no differences in perceived thermal comfort between cases where occupants had control over
their personal cooling device and when the control was automatic [25]. Though, the self-reported
measured performance was noted better in the case where occupants did not have control [25].
Automated control for personalized conditioning systems can be favorable in terms of enhancing
occupants’ concentration and prevention of inefficient energy use [3,21].
Conventional controllers and intelligent controllers are considered as two main types of building
control methods for the indoor environment [26]. Conventional controllers include various
standard control methods, such as proportional–integral (PI) and proportional–integral–
derivative (PID). Intelligent controllers include learning based methods (artificial intelligence,
fuzzy systems and neural networks), model-based predictive control (MPC) and agent-based
control systems [26]. Proportional-integral-derivative (PID) concept is still the most
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commercially used control method in the built environment [27,28]. On the other hand, recently
model predictive control (MPC) is gaining attention as experimental research pointed it out as a
frontrunner in terms of superior performance [29]. In this context, superior performance
represents lower energy consumption while providing optimal thermal comfort [29]. Reduced
energy consumption and the provision of superior thermal comfort level are two criteria that
conflict thus making building control challenging. The control strategy ideal to handle
conflicting optimization goals is model predictive control that optimally uses predictions of
future changes in the environment [30]. There are three approaches that can be considered in
MPC: physical-based modeling (white box), data-driven modeling (black box) and the
combination approach (grey box) [29,30]. The data-driven method is broadly used in research in
the built environment for building energy prediction and HVAC system predictive control [31–
33].
In terms of approach and methods, thermal comfort experienced some changes in direction over
the last few years. Two new interesting directions that are complementary emerged; personal
thermal comfort( often termed individual comfort) and machine learning based models.
Whilst PMV and adaptive models are the most applied models for thermal comfort [7,8,34],
these models show lower performance when predicting personal thermal comfort since they are
based on the average person [35,36]. Commonly used comfort models are not adaptable and are
highly dependent on a specific pre-defined set of inputs [37]. A necessity for predicting personal
thermal comfort is due to the fact that occupants with different individual characteristics (e.g.
age, gender, body composition) who are grouped in the same thermal environment perceive
thermal comfort differently [35,38–42]. Therefore, studies are now focusing on predicting the
comfort needs of an individual person which is termed personal comfort model [37]. Personal
comfort models use specific individual perceived comfort needs and predict a set of thermal
conditions that are agreeable for individual occupants [34,37]. Having more insight into personal
comfort is directly beneficial for control optimization of personalized conditioning systems.
The importance of personal comfort has been reflected in new studies that focus on the
development of personal comfort models [34,36,43–46]. As these studies are based on the data
from comfort surveys from individual occupants, it is essential to have sufficient feedback and
enough data to ensure good performance of the models. The process of developing personal
comfort models starts with the collection and preparation of data which is then followed by the
selection of an appropriate modeling technique. This is where machine learning algorithms have
recently shown their added value.
Machine learning algorithms use computational methods to “learn” from empirical data and
transforms it into usable models [47]. With the rapid development of technology and
computational power as well as the increase in the availability of big datasets, machine learning
is gaining more attention than ever in recent years [47]. A number of research fields including
the built environment are exploring machine learning methods [48,49] for the development of
predictive models for control of heating, ventilation and conditioning systems (HVAC)
[46,50,51], predicting short-term peak electrical demand [52],, developing occupancy prediction
model [53] or predicting building energy consumption [54]. Neural network algorithm is often
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used for model-based predictive control in the building sector [55]. Research has also
demonstrated some of the potential application of neural networks such as the prediction room
temperature and relative humidity for different time scales in an open office in a modern building
[56,57] or prediction of the indoor temperature of a residential building [49].
Furthermore, in thermal comfort research, there is an increasing number of studies that are
developing models applying machine learning algorithms. Algorithms such as support vector
machine and neural network are often chosen as a suitable solution for classification or
regression problems in comfort research [34,46,55]. An increasing number of studies are also
utilizing machine learning methods for prediction of thermal comfort needs such as; improved
prediction of thermal comfort indices [58], prediction of visitors’ outdoor thermal sensations
[59] and prediction of the core body temperature and local skin temperature [60].

1.2 Objectives, scope and research questions
As a response to the growing demand for improved practical thermal comfort and reduction in
energy consumption in the built environment, this research focuses on individual thermal
comfort and control of personalized conditioning systems based on model predictive techniques.
The study is motivated by the fact that the level of individual thermal comfort satisfaction is not
adequate in spite of high energy consumption. The hypothesis of this study is that personal
(individual) approach in thermal comfort prediction and model predictive control of personalized
conditioning systems can enhance thermal comfort and performance. Following the overall focus
and hypothesis of the study, several sub-questions were defined as follows:
•

•

•

•

What is the current state of the art in research on human physiological behavior and its
influence in thermal comfort predictions? (addressed in Chapter 2 through a detailed
literature review)
How individual differences as body composition are linked to different local skin
temperature distribution that influences local thermal sensation predictions? (addressed
in Chapter 3 using the outcome of short literature survey as well as modeling study
where a model was developed for calculating hand temperature and the effect of
physiological characteristics on hand skin temperature was shown)
Can machine learning methods be used to develop individual models to control a
personalized conditioning system and can it be demonstrated that user control can be
substituted by model predictive control? (this question was addressed in Chapter 4
through a combination of experimental and modeling evaluation. The outcome of this
evaluation was the on-line implementation of a model predictive control that is able to
predict individual settings of the personalized heating system)
What is the performance of personal comfort models using different machine learning
algorithms and how different combinations of parameters affect personal comfort ? (this
question was addressed in Chapter 5 through modeling study where personal comfort
models were developed using machine learning methods)
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1.3 Research methodology and thesis outline
In this study a comprehensive literature study, simulation study and experimental study in the
climate chamber have been performed (Figure 1.2). The direction and the role of
thermophysiological models in the methodology for assessing occupants’ thermal comfort in
buildings were shown in the literature review.
The hand thermophysiological model was developed for simulating the hand-skin temperature
in relation to body composition. Based on the brief review of studies focusing on the relationship
between local body temperatures, blood flow and body composition, the developed hand model
has used to asses the effect of physiological characteristics on hand-skin temperature. In order to
see how individual characteristics affect modeling local skin temperatures, hand-skin
temperatures of obese and normal-weight individuals were simulated. Modeled hand skin
temperatures were validated with experimental data from the literature.
Furthermore, two sets of experiments were conducted in the climate chamber that highlights the
importance of individuality and personal approach in thermal comfort.: the first set to collect
data for training and testing personalized models, and the second set was for the development of
the neural network models.
Predictive individual models were developed using machine learning algorithms and model
predictive control was applied to control a personalized heating system. Furthermore, the
collected data was used to develop personal comfort models using a combination of different
classifier algorithms and parameters that include environmental data, physiological responses
(e.g. skin temperatures), settings of personalized heating system and time.
The thesis is composed of an introduction and four chapters (Chapter 2-5) that are based on
journal papers. The overall results and conclusions of these chapters are furthermore discussed
in Chapter 6 (Discussion) and Chapter 7 (Conclusions). Summarized, the thesis outline is
organized as follow:
−
−

−
−

Chapter 2: K. Katić, R. Li, and W. Zeiler, “Thermophysiological models and their
applications: A review”, Building and Environment 106 (2016):pp. 286-300
Chapter 3: K. Katić, R. Li., B.R.M Kingma, and W. Zeiler, “Modelling hand skin
temperature in relation to body composition”, Journal of Thermal Biology 69 (2017): pp.
139-148
Chapter 4: K. Katić, R. Li, J. Verhaart, and W. Zeiler, “Neural network based predictive
control of personalized heating systems”, Energy and Buildings 174 (2018): pp. 199-213
Chapter 5: K. Katić, R. Li, and W. Zeiler, “A comparison of different machine learning
algorithms applied to a prediction of personal overall thermal comfort” Submitted
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Figure 1.2. Schematic diagram of the thesis
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2
Thermophysiological models and
their applications: A review

This chapter has been published as:
K. Katić, R. Li, and W. Zeiler, “Thermophysiological models and their applications: A review,”
Building and Environment 106 (2016):pp. 286-300

This chapter provides a review of existing thermophysiological models for the whole body
and isolated body segments. The course of the development from simple to more complex
models is shown, and most recognized thermal models such as Fiala, Berkeley Comfort
Model, Tanabe, and ThermoSem model are concisely described. Furthermore, possible
applications of the models in various research disciplines are introduced.
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2.1 Introduction
Human beings are homeotherms who regulate their internal body temperature with physiological
and behavioral actions. The nature of the human body is to maintain a constant body core
temperature under different thermal disorders. Under adequate conditions, a constant core body
temperature of 36.5 °C [3] is maintained within a narrow range between 36 ºC - 38ºC (normal
range at rest), and up to 41ºC for heavy exercise [4]. Body temperature regulation represents the
balance between heat production from metabolic sources and heat loss (evaporation, radiation,
convection, and conduction). Exposure of the human body to extreme environmental conditions
can result in poor regulation of the core body temperature thus inducing hyperthermia and
hypothermia. In addition, if the body core temperature exceeds the normal narrow range, human
body functions could be severely affected [5].
The human body is a thermodynamic machine that is subject to the fundamental laws of
thermodynamics. As a result of human metabolism, thermal energy is emitted and according to
the second law of thermodynamics, the metabolism heat production undergoes a heat dissipation
process [6]. Through history, thermal reactions of the human body and its interaction with the
environment have been the focus of a number of research. In a first attempt by Lefevre in 1911,
the human body was modeled as a sphere with a core that exchanges heat with the environment
(as presented in [7]). In 1934, Burton presented the first mathematical thermal model that
included the human body anatomy and control functions (as presented in [8]). Since then many
different human thermal response models have been developed.
People encounter different thermal conditions on a daily basis in the built environment. The
ability to predict human thermal responses in different environmental conditions was the main
incentive for developing thermophysiological models [9]. Thermophysiological models are
mathematical descriptions of physiological responses and the complex heat transfer of the human
body under different environmental conditions [10]. For understanding the human
thermoregulation reactions that maintain the deviation in the core temperature, these models are
valuable tools [11]. Thermophysiological models are part of the prediction method for evaluating
thermal comfort and sensation. The calculated output of the thermophysiological model (core
and skin temperature) are used as input for thermal sensation models that predict thermal comfort
and sensation. The development of the advanced thermoregulation models started at the United
States National Aeronautics and Space Administration (NASA) and the United States army for
the sole purpose of assessing the effect of extreme environmental conditions on the human body
[12]. In recent years, various thermophysiological models have been developed to improve the
prediction of thermal responses of building occupants. The most referenced includes models
developed by Tanabe [13], Fiala [9,14,15], the Berkeley Comfort Model [16,17] and
ThermoSEM [18,19].
Due to the fact that human extremities play an important role in human body’s thermoregulation,
and they are the most affected during cold exposure; research has also been directed towards
modelling human heat balance for isolated body parts. A variety of models simulating the
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thermal responses of human extremities and different body parts have as well been developed
(Worrall [20], Deshpande [21], Ferreira [22], Shitzer [23] ).
Despite all this development, the application of thermophysiological models, as a part of the
methodology for predicting thermal sensation, is still not recognized by international standards.
This is related to the fact that there is still doubt about the predictive abilities of the models, and
their application limitations [9,14,24]. The uncertainty of the model’s predictability is questioned
because validation of the models is often carried out by the developer’s own experiments rather
than with independent experimental data [9]. Therefore, further research is required before the
models can be applied in the built environment for the prediction of thermal comfort and thermal
sensation encountered in the indoor thermal environment.
In reviewed publications, a few review papers were found which mainly focused on thermal
comfort, such as [6,24–28]. These articles discussed the thermophysiological models in relation
to human thermal comfort research. In this paper, a review of various thermophysiological
models is presented, and attention is given to the application and further possibilities of the
models. The aim of this literature review is to give a comprehensive overview of
thermophysiological models and to discuss the application of the models and the gap between
simulated results and practical application in the built environment.

2.2 Methods
The review is divided into several sections. In Section 2.3 a historical overview of the
development of thermophysiological models is described. Furthermore, several well-known
models were concisely described to provide insights into the features of the models and how the
models were developed. In Section 2.4 studies regarding thermophysiological models of the
isolated body parts are introduced. In Section 2.5 a few applications of the models are given.
Lastly, sections 2.6 and 2.7 presents in detail the most relevant discussion points and conclusions
of the paper.
A search for scientific publications was performed in the following scientific databases: Science
Direct, Web of Science, PubMed and Scopus. Three combinations of keywords were used in the
search: “thermophysiological model and thermal comfort”, “human thermoregulation and
thermal comfort” and “bioheat model and segment”. Search results for all databases were sorted
by relevance. Total general search in all databases resulted in 2437 papers. The search was then
refined to only English articles published in journals. In addition, in Science direct and PubMed
the search was limited to papers published from 1930 to 2015, in Scopus and Web of Science
from earliest year possible, 1960 and 1945 respectively. Additionally, the search was refined
using filters in each database. In Science Direct, the search was refined to journals Building and
Environment, International Journal of Heat and Mass Transfer, Energy and Buildings,
International Journal of Thermal Sciences, Renewable and Sustainable Energy Reviews. In
PubMed, the articles were limited to studies with humans. In Web of Science, the search domain
and research areas such as physiology or engineering, and biophysics or thermodynamic were
used as filters to refine the articles. To refine the search in Scopus, the focus was on subject areas
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such as Medicine, Biochemistry, Genetics and Molecular Biology, Health Professions,
Engineering, Computer Science, Energy, Immunology and Microbiology and Mathematics.
After duplicates were eliminated, the refined search for “thermophysiological model and thermal
comfort” resulted in 91 papers. “Human thermoregulation and thermal comfort” resulted in 430
papers. “Bioheat model and segment” resulted in 60 papers.
Based on the title, 120 papers were downloaded. After reading the abstracts, 50 full papers were
read. In the end 30 articles were included in the review, which were relevant to the topic and
related to thermophysiological models and the application.
Furthermore, “snowballing” method was used where reference tracking was performed. The
reference lists of all full-text papers were scanned, and an assessment was made to select the
papers that were pursued further. For the “snowballing” method, paper tracking was conducted
in previously mentioned databases and additionally in eScholarship-University of California and
Online Journal of Applied Physiology. For non-digitally available dissertations and books, The
Eindhoven University Library was browsed. “Snowballing” method resulted in 51 papers that
were included in the review. “Personal knowledge” method was also used, where existing
resources, personal and academic contacts were used to search for published literature. With
“Personal knowledge” method, 12 papers were obtained and included in the review.
“Serendipitous discovery” method was also part of the process, where relevant papers were
found when searching and reading something else. “Serendipitous discovery” resulted in three
papers that were included in the review. The resulting articles were thoroughly reviewed for the
purpose of this study.
The conducted review that focuses on thermophysiological models will start with the
introduction of the models, their historical development, and several models will be described in
more details.

2.3 Thermophysiological models
Thermal comfort is described as the condition in which 80% or 90% of people do not express
dissatisfaction [29,30]. The history of thermal comfort discipline dates back to Blagden [31] and
his use of thermometer during experiments that evaluated the ability of people to withstand high
temperatures. Furthermore, in 1916 Sir Leonard Hill introduced kata-thermometer that can take
dry and wet temperature readings [32]. To determine the effects of air temperature and humidity
on thermal comfort Houghton and Yaglou presented an empirical index called “effective
temperature” in 1923 (as presented in [33]). Furthermore, Vernon and Warner [34] introduced
the “corrected effective temperature” in 1932 that allowed radiation to be taken into account.
The wet-bulb globe temperature index was developed by Yaglou and Minard in 1957 (as
presented in [33]). Dufton [35] defined the “equivalent temperature” in 1929 and Gagge et al.
[36] introduced the correction of the “equivalent temperature” in 1971, which was more accurate
and took into account activity, clothing and radiation exchange. During the 60s and 70s, Fanger
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steered thermal comfort research towards the relationship between human physiological
parameters, physical environmental parameters and the perceived thermal comfort [37].
One of the most applied models in thermal comfort studies is the PMV (the Predicted Mean
Votes) model based on Fanger’s equation for human body heat exchange [37]. An extensive
review on Fanger’s research and PMV model was conducted by Hoof et al. [38]. Fanger’s
postulation was that human satisfaction or dissatisfaction with the thermal environment is a result
of the combination of six variables: activity level, the thermal resistance of the clothing, air
temperature, mean radiant temperature, relative air velocity and water vapour pressure in
ambient air. In developing the model, heat balance theories and the physiology of
thermoregulation were combined to determine a range of thermal conditions in which building
occupants would feel comfortable. A general comfort equation was empirically obtained and it
assumes a linear relationship between activity level and sweat rate, as well as activity level and
mean skin temperature. These relationships were used in formulating the human body heat
balance equations. Using the proposed equation, it was possible to calculate the combination of
these six variables and to determine thermal comfort conditions in which occupants should feel
thermally neutral for any activity level and clothing [37]. Fanger’s empirical model has been
generally used in practice in building design process as an index for maintaining indoor thermal
comfort [10]. The predicted mean votes (PMV) are expressed on the 7-point ASHRAE thermal
sensation scale and widely accepted and used [10]. In the PMV model, the body is treated as a
whole and the model is used for predicting responses in the steady-state air-conditioned
environment. However, the environments where humans carry out their daily activities are often
non-uniform and transient. Previous research showed that in this type of environment thermal
sensation of the local body parts strongly influences the whole body thermal comfort [39]. In
response to these findings, the development of thermophysiological models has gained more
importance. The models like Berkeley Comfort Model, Tanabe and ThermoSEM are able to
predict the skin’s temperature for different regions of the human body and the body’s core
temperature [24] under asymmetric environmental conditions [10].
The thermophysiological models include two systems (see Figure 2.1), a controlled passive
system and the active system [7]:
•

The passive system simulates the physical human body and models heat transfer within the
human body, and between the human body and its environment [13]. Heat is continuously
generated in the human body by metabolic processes and distributed over the body areas by
blood circulation. For the calculation of internal heat transfer and body heat exchange,
thermal properties of the blood, muscle, fat and bones are critical parameters [40]. Through
the body tissue layers, heat is transferred to the clothing insulated body surface by
conduction [9]. Heat is then exchanged with the environment through a complex
combination of conduction, convection, radiation and evaporation [41]. The clothing worn
by humans is an influential factor on heat exchange with the environment as well.

•

The passive system is controlled by a human body’s active system [9] in order to regulate
the temperature in a changing environment [14]. The active system simulates the human
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body’s regulatory responses of vasoconstriction, vasodilation, shivering and sweating [14].
The mean skin temperature, core temperature and the rate of the change in skin temperature
are the main signals for the active system [13]. The change in brain temperature above the
setpoint results in vasodilation. When vasodilation is not sufficient to lose heat from the
body, sweating is activated for the heat loss process. Vasoconstriction is a result of a
reduction in skin temperature [40]. However, if the body is exposed to a cold environment
and vasoconstriction is not enough to maintain the heat in the body, the body will start to
shiver in order to retain heat. Furthermore, skin blood flow is controlled by the mechanisms
of vasodilation and vasoconstriction.

Figure 2.1.Schematic diagram of the thermophysiological models (modified from Fiala et al.[15] and
[42])

The thermal balance of the body is influenced by local environmental conditions and individual
physiological characteristics. The environmental parameters (air temperature, mean radiant
temperature, air velocity and relative humidity) and human physiological inputs (metabolic rate,
height, weight, fat percentage, blood flow rate, gender, skin surface area etc.) serve as model
inputs (Figure 2.2). As output, the models are able to predict local skin temperature and the
body’s core temperature.
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Figure 2.2. Schematic view of the inputs and outputs for the thermophysiological model

Thermophysiological models can present the human body as a single segment or the body can
be divided into several body parts. Furthermore, the models can be classified as one-node thermal
models, two-node thermal models, multi-node thermal models and multi-element thermal
models [7]. Figure 2.3 [8,25] presents different thermophysiological models, from simple to
more complex models.
One-node models are empirical models that predict thermal responses based on formulas that
were derived from experimental conditions. These models simulate a human body as one unit
and the thermoregulatory system is not included in the model. Givoni and Goldman developed
a one-node model for application in hot environments in 1971. In their model the equations for
the metabolic costs of walking, running and carrying load were proposed [7][43].
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Figure 2.3. Schematic diagram of the development of thermophysiological models through the years

In two-node models, the human body is divided into two concentric shells of core and skin and
the temperature of each shell is considered uniform. Gagge’s model is a well-known example of
two-node thermal models. The model was developed in 1971 [36] and improved in 1986 (as
presented by Foda and Sirén [44]). The model is fit to simulate the skin and core temperatures
under uniform and transient environmental conditions with moderate activity levels [8,45]. The
body is simulated as two concentric cylinders, the outer layer of skin and the inner cylinder that
presents the body core (Figure 2.4). In the two-node Gagge’s model, the temperature within each
compartment is assumed to be uniform. Skin and core temperatures are simulated with a
physiological model that includes heat transfers between two layers, and between the outer layer
and the environment. The heat transfer of the body is controlled by the thermoregulatory control
functions for sweating, vasodilatation and vasoconstriction, and shivering [45]. Zolfaghari and
Maerefat developed a two-node model combining the Gagge model with Pennes equation [45].
Other examples of the two-node models are: a single segment model developed by Kingma et
al. [46], a dispersed two-node model developed by Kohri and Mochida et al. [47], a two-node
model for different body parts developed by Foda and Siren et al. [44], a two-node model
developed by Takada et al. [48] and a two-node model for different body parts developed by
Kaynakli and Kilic [49,50]. As it was mentioned above, two-node models represent the body as
skin, and a central core that represents muscle, subcutaneous tissue and bone. If more detailed
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temperature distribution is acquired, the body should be divided into more than two nodes that
will represent every tissue separately.
Multi-node human thermal models are extended and more intricate versions of the two-node
model. The first multi-node model was developed by Crosbie [51] and this was the first time that
analog computer was used for the simulation of physiological temperature regulation of the
human body [51]. Multi-node models consider an inhomogeneous distribution of temperature
and thermoregulatory responses over the body’s surface. Vasoconstriction and vasodilatation
dispense blood flow to the extremities to control the heat loss from the skin to the environment
[5]. Multi-node models with advanced vasomotion models are able to simulate the local skin
temperatures of individual body parts (Figure 2.4).

Figure 2.4. Comparison of the model segmentation, and the two-node models and multi-node models

The most influential multi-node model that paved the foundations for many human thermalmodeling studies was developed by Stolwijk [52]. The 25-node thermoregulation model was
developed for NASA during the Apollo program in order to create a mathematical model that
can predict thermal responses of astronauts while performing their activities in space outside a
spacecraft [53]. The model was developed for investigating changes during heat stress situations.
Although the control equations for cold exposures were included, predictability during the cold
exposures was limited and the model is restricted to constant environment conditions [53].
The passive part of the Stolwijk model consists of six segments (head, trunk, arms, legs, hands
and feet) and each segment is divided into four layers: the core, fat, muscles and skin [12]. The
model includes a central blood compartment at a uniform temperature (without distinguishing
arteries and veins flow) that is thermally connected to all the other nodes. The effects of countercurrent heat exchange in the blood flow and the blood flow characteristics in local tissue are not
included in the Stolwijk model. The control system (active system) is presented as functions of
two tissue temperature signals, hot/cold signal and rate of tissue temperature change signal [54].
The constant temperature blood node exchanges heat with the tissue layers by convection only,
while the tissue layers’ exchange heat in the segment by conduction only. The Stolwijk model
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accurately predicts both the absolute and the tendency of the transient mean skin temperature of
an “average” person under low activity conditions [55]. Stolwijk’s approach for modeling the
active system is still used in most of the recent advanced models, such as Tanabe model and the
Berkeley model. In 2009. Munir et al. [55] presented the re-evaluation of Stolwijk’s 25-node
human thermal model under thermal-transient conditions. Other examples of the multi-node
models are Tanabe model [13], Fiala model [9,14,15], Berkeley Comfort Model [16,17],
ThermoSEM [18,19], Salloum et al. model [54], Al- Othmani et al. model [56], Novieto model
for elderly people [57], Zhou et al. model [58], Lai and Chen model [59] and Dongmei et al.
model for sleeping person [60].
According to the classification, the last type of models are multi-element models. Multi-element
thermal models in contrast to the multi-node models simulate the human body as several body
parts, and no further division is made into nodes. The assumption of uniform node temperatures
is not applied and most of the body’s different geometric properties are included. All this
information must be available thus making these models the most complicated ones [7,8].
Wissler developed a mathematical multi-element model in 1985 [53] that is primarily a thermal
model but it also contains mass balances for oxygen, carbon dioxide and lactic acid in ventilation.
His first model from 1961 [61] was based on Pennes [62] steady state heat conduction equation
and the body was presented as a human thermal system consisting of six cylindrical elements.
The improved model has detailed a passive system that consists of 15 elements connected by the
arteries, veins and capillaries. The heat loss through the respiratory system is considered, as well
as the countercurrent heat exchange between arteries and veins. One of the limitations of the
model is that in each cylindrical element, an axial symmetry had to be assumed because of the
lower memory capacity of the computer at the time. Nowadays this assumption can be dropped.
The model is capable of describing human responses under thermally demanding conditions [53].
Other examples of multi-element models are Ferreira et al. [63], Sun et al. [64], Schwarz et al.
[65] and Tang et al. [66].
Recent advanced models are modifications and improvements of the Stolwijk model. Table 2.1
summarizes the main characteristics of recently developed advanced thermophysiological
models that will be reviewed in the following paragraphs.
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Table 2.1. Characteristics of recently developed thermophysiological models

Model

Description

Body
characteristics

Environmental
conditions

Average man,
physical
parameters can
be changed

Transient
and nonuniform
conditions

Based on
Stolwijk

Average person

Steady-state
and transient
conditions

Regressionbased

Active system

- 16 segments
Tanabe

- 65-node

2002. [13]

- four layers:
core, muscle,
fat and skin
- 15 segments
- 187-node

Fiala 1999.
[9,14]

-three sectors:
anterior,
posterior and
inferior
- seven
tissues: brain,
lung, bone,
muscle, fat,
skin and
viscera

UC Berkeley
2001.[16], [17]

-Multi-node
(arbitrary
number of
segments)
-five layers:
core, muscle,
fat and
skin+clothing
layer
-Multi-node
-19 segments

ThermoSEM
2004.[18,19]

-Spatial
subdivision:
anterior,
posterior and
interior

Body builder individual
physiological
differences

Individual
differences
(height, weight
and fat
percentage) are
taken into
account

Transient
and nonuniform

Transient
and nonuniform
conditions

Based on
Stolwijk

Incorporates
neurophysiology
of thermal
reception in the
skin blood flow
model
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The Fiala model is a multi-node model that extensively simulates the human body including the
predictions of overall and local physiological responses. The model presents an average person
with a detailed multi-layered structure of the human body that makes it possible to avoid errors
during transient conditions due to the use of lumped data. The body division into layers was
made whenever a change of body tissue properties is present in the human body [9]. The
environmental heat exchange was modelled including local heat losses and gains from the body
by free and forced convection, solar irradiation, long-wave radiation, evaporation of moisture
from the skin and insulation effect of the clothing [9].
The active part that models the thermoregulatory control reactions is included in the Fiala model.
When in the state of thermal discomfort, the human body copes with thermal stress by
physiological adaptation in order to acclimatize. The body’s thermoregulatory control
mechanisms are activated when the body is in a state of discomfort. The methodology for
modelling essential regulatory responses of the central nervous system is based on a regression
analysis of the physiological response of unacclimatised subjects (Figure 2.5).

Figure 2.5. Modelling thermoregulatory control mechanisms in Fiala model [modified from [14]]

The first step in modelling the active system is to select the adequate physiological experiments
from the literature that contain sufficient information about boundary conditions and
physiological variables. Several experiments were chosen that cover wide ranges of steady-state
and transient ambient conditions (sever cold, cold, neutral, warm, and hot) and exercise
intensities. For each experiment, the passive system was exposed to experimental boundary
conditions. Thermoregulatory responses observed in experiments were imposed on the passive
system for each moment of exposure. This simulation forms the basis for establishing the line of
thermophysiological variables and the measured regulatory responses were subjected to a multilinear regression to obtain control equations. Furthermore, equations were implemented into the
model and re-simulated with experimental data to determine further control equations. The
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validation of the core and skin temperatures, and thermoregulatory responses are well correlated
with the experimental data that cover a wide range of environmental exposure (moderate, hot
and cold stress) and activity levels [14].
The UC Berkeley multi-node model is based on the Stolwijk model and the Tanabe model. In
developing the model, 16 body segments were used. An advantage of this model is that fine
segmentation can be used in environments with local temperature variations. The blood
compartments are represented as a separate series of nodes that are responsible for heat transfer
between segments and tissue nodes [17]. Thermoregulatory responses of vasomotion, sweating
and metabolic heat production are explicitly considered. Table 2.2 shows that apart from the
ability to model an unlimited number of body segments there are several other improvements
that have been made compared with the Stolwijk model.
Table 2.2. Improvements and addition to the model compared to Stolwijk [17]

IMPROVEMENT
Stolwijk

→

UC Berkeley
•

Can simulate an arbitrary number of
body segments

temperature

•

Central artery/vein counter-current heat
exchange

•

Simplified heat exchange local tissueblood

•

Improved estimation of the blood flow
to local tissue

•

Combined convection and radiation
heat transfer coefficients

•

The model separates convective and
radiative heat transfer

•

Six body segments

•

Arterial blood flow
assumed to be uniform

ADDITION IN THE UC BERKELEY MODEL
•

Clothing node for modelling heat and moisture capacitance of clothing

•

Body segments exchange heat by conduction to surface in contact with the skin or
clothed skin

•

Radiation heat flux model is separated into the short wave and long wave radiation
components

The physiological differences between individuals (height, weight, gender, body fat, hip, neck
and abdomen dimensions, and skin color) influence thermal responses. The approach of the
Berkeley team is to incorporate the body builder model [16]. The model defines a set of
physiological parameters which can be used to study variations in thermal response between
different body characteristics [16].
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The model was validated by comparing the model results (skin temperatures) with studies from
other scientific studies. For steady state conditions, results from Werner et al. were used [67],
for transient conditions studies from Raven et. al [68] and Stolwijk and Hardy et al. [69,70] were
employed for model validation. The validation shows the acceptable accuracy of the core
temperature and extremities skin temperature under a range of environmental conditions.
Among the models that were developed based on Stolwijk model are three thermoregulatory
models developed by Tanabe and his associates; 65MN, 3DM and Jointed Circulation System
(JOS) model [71]. The Tanabe 65-node thermoregulation model (see Figure 2.6), that represents
an average man is able to predict the variation of physiological conditions for various parts of
the body [13]. The 65th node in the model represents the central blood compartment. As a part
of the passive system, heat equations for each layer were calculated and the heat balance between
local tissues and central blood pool was simplified. The physiological reactions were formed
using control equations that contained sensor signals relating to the head core signal and
integrated signals from skin thermoreceptors [13].

Figure 2.6. Concept of the one segment in the 65MN model

In 2013, the Jointed Circulation System-2 (JOS-2) model was introduced that could be applied
to women and the elderly under transient and non-uniform conditions [71]. JOS-2 simulates the
human body divided into 17 segments. The head segment consists of two layers in contrast to
other body segments. The reason is that the human head is directly exposed to the environment
and has to quickly respond to any thermal changes in the surroundings [71]. All the body
segments have artery and vein blood pools; core layer and skin layer. Also, superficial veins and
arteriovenous anastomoses (AVA) are included in the vascular system of the limbs. With
different percent of openness, AVA controls the blood flow to the vein blood pool [71]. With
increasing age, the physical activity level in the elderly is reduced. This causes lower
cardiovascular reserve and a lower capacity for thermoregulation [72]. Gender difference affects
thermal preferences as well [73] and individual body characteristics (fat percentage, weight,
height) influence the thermal state of the body [10]. As the heat characteristics of the human
body depend on height, weight, sex, age, body fat percentage, basal metabolic rate and cardiac
index these physical parameters in this model can be changed [71]. The model was validated for
stable conditions, non-uniform and transient conditions. For validating predicted core and skin
temperatures under stable conditions, the simulation results were compared with the results from
subjective tests by Werner et al. [67]. For validating the predicted skin temperatures under
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transient and non-uniform conditions, the results were compared with subjective tests done by
Yoshimura et al. (as presented in [71]).
The dynamic mathematical thermo-sensation model (ThermoSEM) was developed based on the
Fiala model [10]. Like other models, ThermoSEM consists of passive and active components as
well, and the model is suitable to simulate transient condition. There are small differences in the
passive part of the model in comparison with Fiala’s model. In ThermoSEM, the extremities
were split into upper and lower parts and the skin perfusion was corrected for tissue volume [74].
The human body segments were spatially subdivided into three sectors: anterior, posterior and
interior sector. With this subdivision, the asymmetric boundary conditions could be taken into
account [18]. Within the body, heat transfer by conduction and convection was modeled with
Pennes’ equation (2.1) [62], and calculation for heat transfer between the body and environment
are based on Fiala et al. [18].
𝜌𝜌𝜌𝜌

𝑑𝑑𝑑𝑑
𝑑𝑑 2 𝑇𝑇 𝑔𝑔 𝑑𝑑𝑑𝑑
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𝑑𝑑𝑑𝑑
𝑑𝑑𝑟𝑟
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2.1)

where ρ = the tissue density [kg/m3]; c = heat capacitance [J/kgK]; k = conductivity [W/mK]; T
= is the tissue temperature [°C] ; t = time [s] ; r = radius [m] ; g = geometry factor (1 and 2 for
polar and spherical co-ordinates) ; qm = metabolism [W/m3] ; ρbl = blood density [kg/m3]; wbl =
blood perfusion rate [m3/s m3]; cbl = heat capacitance of blood [J kg-1 K-1] and Tbla = arterial
blood temperature [°C].
In the model, individual characteristics such as height, weight and fat percentage can be taken
into account [10]. The model was validated for mild environmental exposures.
The main difference between the ThermoSEM model and Fiala’s model is in the active part. By
studying the neurophysiological concepts for thermoregulation in the active part, Kingma et al.
[18] developed a model for skin blood flow with neurophysiological concepts integrated into the
model. The new model incorporates thermal reception data and the neural pathways involved in
thermoregulatory skin blood flow control. To develop and validate the new skin blood flow
model experimental data sets were used including a data set for the development and two
independent sets for the validation of the model [75].
The neurophysiological skin blood flow model simulates five phases of the thermoregulatory
tract:
1.

In the first phase, local skin temperatures are transduced into the dynamic fire rates of
warm and cold temperature sensitive neurons.

2.

Following the first phase, in accordance with the neurophysiological pathways, the skin
neuron fire rates are integrated.

3.

The integrated peripheral warm and cold sensing pathways project to the medial preoptic area (MPO) of the hypothalamus where local warm sensitive neurons are
inhibited.
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4.

The fourth phase represents the inhibition of the ventromedial medulla neurons.

5.

In the last phase, from the ventromedial medulla skin blood flow is controlled by
efferent neurons [18].

Thermophysiological models introduced so far, simulate physiological responses of the whole
body. Several studies that focus on modelling the heat balance of one isolated body segment will
be addressed in the following section.

2.4 Modelling isolated body segments
Mathematical thermophysiological models that considered the whole body introduced in earlier
sections of this paper became the basis for modelling isolated body parts. Modelling isolated
body segments became valuable in medicine, as well as in the built environment for assessing
the sensitivity of human extremities and other body parts in the different thermal environment
(Table 2.3). A human torso was modelled to investigate how adipose tissue, metabolism heat
generation and winter clothes influence the human body’s ability to resist hypothermia when
exposed to the extreme cold environment [20]. Another research for medical purposes was
conducted where thermal analysis using a human finger model was proposed to assess the risk
of coronary heart disease. Indirect measurement of vascular health can be the human fingertip
temperature variation during the blood flow occlusion. The mathematical model of the heat
transfer for the human finger was introduced to show the connection between vascular reactivity
and changes in the finger temperature during blood flow occlusion [21].
Table 2.3. Mathematical bioheat models of isolated human body parts

Body part

Purpose

Reference

Torso

The effect of the adipose tissue, metabolic
heat and winter wear on body protection
from hypothermia and frostbite.

Doug Worrall; Margaret Hay;
David Friedrich; Stephanie
Wong[20]

Finger

The analysis of the fundamental physics
influencing the fingertip temperature
during blockage of a blood vessel and
hyperemia.

Chinmay Deshpande[21]

Arm, Forearm,
Hand, Finger

The impact of the blood flow in upper
extremities on the heat transfer between
the body segment and the environment.

M.S. Ferreira; J.I. Yanagihara
[22]

Finger

Thermal behavior of extremities in a cold
environment

Avraham Shitzer [23]
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Ferreira et al. [22] developed a steady state heat transfer model of the human upper limb that
includes circular cylinders representing the arm, forearm, five fingers and a slab representing the
hand. The body segments were subdivided into two layers, skin and core. The main focus of the
model was on the detailed circulatory model. The model of macro-circulation considers blood
vessels larger than 1000 μm. The circulatory model includes superficial veins in the arm and
forearm, Arterio-Venous Anastomoses (AVA) and subcutaneous venous plexus in the hand as
well as the countercurrent heat exchange between the arteries and veins. Heat transfer equations
were introduced for each segment, however control thermoregulatory equations are not included
in this model. Steady state simulation was performed using two sets of blood flow data (Salloum
[54] and Takemori [76]) to predict the skin temperature of the segments. The results from
Takemori’s data [76] showed better results in all the segments except in the finger. According to
the results presented by the author, where experimental data were compared to the results, the
model was capable to simulate skin temperature in neutral and hot environment exposure. In a
cold environment, the simulated results were not in a good agreement with experimental data.
Along with the skin temperature predictions, the influence of superficial veins blood flow on the
heat loss was estimated. The heat transfer improvement when the circulatory model includes
superficial veins was noticed only when the body segments were exposed to a neutral
environment [22].
Modelling of extremities (fingers) as an independent body segment has been done by Shitzer
[23,77]. Shitzer et al. [23] developed a model that simulates the thermal behavior of a finger
exposed to a cold environment. The cylindrical body segment is subdivided into core, muscle,
fat and skin layer. The model consists of the heat balance equations that simulate conduction,
heat exchange with the environment, metabolic heat generation, heat transport by blood
perfusion, heat exchange between the tissue and large vein and artery countercurrent heat
exchange between main blood vessels and AVA heat exchange. The model does not include
active control mechanisms. The model was used to simulate the fingertip temperature in a cold
environment, under different wind conditions and insulation (bare and gloved finger) [23].
Human hands and fingers contain a significantly higher number of arteriovenous anastomoses
valves that control vasomotion then the rest of the body parts. The opening of these valves causes
the hand temperature to vary in a wide range [78]. In order to achieve an accurate prediction of
thermal responses of the extremities, thermophysiological models have to include detailed
vascular system. The reason for the less accurate prediction in a whole body model is due to the
fact that they do not simulate the complex skin blood flow model in the extremities [79]. In
order to achieve accurate thermal responses of the extremities, it is necessary to look at the nature
of the human brain and heat transfer efficiency connection. When the human body is exposed to
a hot or cold environment, heat transfer and the skin blood flow in the circulator system is
affected by the central nervous system that has variant reactions during the different exposures.
To model isolated body segments it is necessary to have an empirical input of the blood flow
crossing the segment that is modelled [79].
A plethora of studies have been done on modelling human extremities [22,23,77,80] as they are
the most vulnerable body parts when exposed to the cold environment. Thermal comfort is
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closely related to the skin temperature of the body extremities. Wang et al. [78] presented that in
a cold environment, the finger temperature is a good indicator of both thermal sensation and
comfort. It was reported that when the finger temperature was above 30 °C there was no cool
discomfort, and when the temperature was below 30 °C there was a high probability of cool
discomfort occurrence [78]. Furthermore, the fingertip temperature can be used to determine the
blood flow rate [81,82] and skin temperature difference between the forearm and fingertip when
used as an accurate measure of peripheral vasoconstriction [79]. When the temperature
difference between the forearm and fingertip is higher than 4 ºC, vasoconstriction occurs [79].
When we observe the type of jobs that humans carry out daily, many of them involve handwork
in different thermal environment. For instance, it becomes essential to maintain thermal comfort
to avoid a decrease in proficiency or even injuries of the hand when working in a colder
environment.
So far thermophysiological models for the whole body and isolated body segments have been
described, the next section will focus on the possible application of these models.

2.5 Application of the thermophysiological model
Many different disciplines acknowledged that there is a necessity for predicting human thermal
responses in different thermal environments throughout various activities that people are
involved in. Considering that, thermophysiological models are a good possibility for different
applications in the field of biometeorology, the auto industry, clothing research, medical
application, etc. In the following paragraphs, some examples of application will be introduced.

2.5.1 The Universal Thermal Climate Index (UTCI)
Currently, there is a lot of concern on how humans are affected by climate and weather, and vice
versa. Because of the important emerging issues in the field of climate and health, research is
focusing on the human thermal comfort assessments that are a subfield of biometeorology. The
ground surface covered types at the urban environments affect the thermal conditions [83]. In
different fields of human biometeorology, a need has arisen for a universal index that aims to
assess physiological responses across a broad spectrum of outdoor thermal conditions (influence
of humidity and heat radiation on a human body in a hot environment, as well as wind speed in
the cold conditions) [84]. Additionally, local cooling of exposed skin is considered in order to
gain more insight in preventing frostbite, pain and numbness. The initiative to work towards the
development of a Universal Thermal Climate Index (UTCI) was proposed by Prof. Peter Höppe.
In 2005, the COST Action 730 strengthened the process by involving more experts from 19
European countries, Australia, New Zealand, Canada and Israel, who had regular meetings. The
purpose of these meetings was to work towards merging new knowledge into creating an index
that would be international accepted. A potential application of the index is in the field of public
weather services (weather reports, warnings) and environmental agencies, public health systems,
city authorities, urban planning, tourism and recreation and climate impact research [85–87]. The
issues addressed in the UTCI development process is shown in Table 2.4.
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Table 2.4. Issues addressed and working groups related to the Universal Thermal Climate Index [85]

WORKING GROUPS

WG1-Thermo-physiological
modelling and testing

WG2-Meteorological and
environmental data

WG3-Applications

ISSUE ADDRESSED


Physiological modelling of the human body and its
heat balance



Physiologically relevant assessment of heat balance
model outcomes including acclimatisation



Testing results against available field data



Identification and pre-processing of meteorological
input data



Estimating radiation quantities



Addressing the specific needs of various applications

The UTCI enables the calculation of the equivalent temperatures using the thermophysiological
model for a given combination of wind, radiation, humidity and air temperature. The UTCI
equivalent temperature presents the air temperature of the reference environment that gives the
same strain index [84]. For the purpose of creating a new UTCI, different human
thermoregulation models were evaluated and the Fiala model [9,14] was selected. The original
Fiala model was adapted and expanded into UTCI-Fiala model [15]. UTCI-Fiala is formed as a
187-node model that consists of 12 spherical or cylindrical compartments. The left and right
extremities are joined and each extremity is presented as unity. One of the new implementations
in the new model is an adaptive clothing model that combines outdoor environmental factors,
clothing permeability and behavioral adaptation of the clothing insulation [15].

2.5.2 Predicting the temperature of the patients during heart surgery
At Maastricht University and the Eindhoven University of Technology, research on predicting
physiological responses of anesthetic patients during open heart surgery was conducted [88]. The
Fiala model [9,14] was adapted in order to create a model that will predict the patient’s
temperature during heart surgery. The purpose is to provide more insight into the effect of
different protocols on temperature distribution and the human thermoregulatory system during
anesthesia. The whole body thermal model consists of 3 parts (Figure 2.7).
The passive part of the model was based on the passive model of Fiala. The patient’s body was
divided into 19 segments that consist of multiple layers presenting different body tissue [88].
The second part of the model represents the impaired thermoregulation during heart surgery and
it includes vasoconstriction responses. To develop the vasoconstriction model, it was necessary
to include the effect of the anesthetic drugs that are administrated to the patients during surgery.
The pharmacological model that divides the body into compartments (organs and tissue
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groupings) was developed in order to obtain propofol concentration [88]. The third section
represents sub-models where different boundary conditions and individual body characteristics
can be implemented to represent different conditions during specific cardiac surgery.

Figure 2.7. Schematic diagram of the thermal model for predicting patient temperature during heart
surgery (modified from [88])

The model was validated by comparing the calculation results with the measurement results of
three surgical procedures: aortic valve surgery at 30ºC, coronary artery bypass surgery at 32ºC
and aortic valve surgery at 30ºC with forced-air heating. The model results show good agreement
with the temperature responses obtained from the cardiac procedures mentioned above [88].
The model can be applied to evaluate the patient’s temperature distribution during heart surgery.
During cardiac surgery, hypothermia is induced to protect vital organs. Towards the end of the
surgery, the core body temperature is restored to the pre-surgery condition. The consequence of
the re-warming process is that heat transfer is faster to the trunk and brain than to the extremities.
When the by-pass is disconnected, the heat is distributed to the colder extremities causing
“afterdrop” in temperature in core body organs. This “afterdrop” can cause post-surgery
complications and there is the need to understand how it can be reduced and prevented. The
valuable use of the thermophysiological model is in assessing the effect of changing conditions
on body temperature distribution and thermoregulatory responses when exposing patients to
different protocols [88].
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2.5.3 Thermophysiological human simulator for the clothing research
Clothing has a primary impact on thermal comfort and on human thermophysiological responses.
Likewise, the clothing envelope is influenced by sweating, movement and temperature
distribution of the human body. The interaction of clothing and the human body is investigated
with thermal sweating manikins. The development of manikins that accurately represent human
thermal behavior is of significant importance [89,90]. To design a more accurate tool for
simulating physiological human responses under the different environmental condition, Psikuta
et al. coupled the Fiala model with the sweating heated device [89–91].

Figure 2.8. Coupling sweating device and thermophysiological model – data exchange scheme [90]

Figure 2.8 demonstrates the coupling method of real-time data exchange between the heated
sweating cylinder and Fiala model. The Fiala model provides averaged local skin temperatures
and sweat rates that are used as control signals for a sweating device. Heat flux from the sweating
manikin that presents the mean amount of the heat exchanged with the environment is then used
as a feedback. The main aim was to apply the single-sector simulator for measuring thermophysical properties of different clothing and sleeping assemblies (sleeping bags, mattresses)
under real environmental conditions [89,90,92].

2.5.4 Application of the model to support the design of sports stadiums
The Fiala model of human thermoregulation and thermal comfort model was used to support the
design of a sports stadium [93]. The Stadium Australia (2000 Olympics) is used as an example.
The thermophysiological model was used to predict the physiological state of the spectators
exposed to two types of conditions: normal ambient conditions and conditions when spectators
are sitting below a semi-transparent stadium roof. The impact of solar radiation on the thermal
state in spectators was analyzed. Results revealed that acute hot stress in spectators can be
prevented by different roof design (shading the roof or opaque cover) [93].
The use of thermophysiological models in combination with thermal comfort models to predict
physiological responses can identify the reasons for thermal stress and can be used in the analysis
of different thermal situations that endangers occupant’s health and safety. These predictions can
be valuable information when creating the optimal design of buildings. Observing the sports
stadium example, if the stadium is not adequately designed the spectators in the upper seat can
be exposed to the acute hot stress during the hot summer days in warm climates [93].
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2.5.5 Assessing the thermal comfort in a car cabin
As a part of the thermal comfort simulation of the car occupant exposed to the inhomogeneous
environmental conditions, it is necessary to have a simulation representing heat and moisture
transfer of the human body. The thermophysiological model simulates the heat transfer
phenomena and the physiological responses in order to represent realistic thermal responses of
the human body in the complex thermal conditions in a car cabin. The Fiala model was
implemented in the thermal simulation software THESEUS-FE that is used to solve steady-state
and transient heat transfer applying Finite Element Method. With assessment and optimization
of occupant’s thermal comfort in modern vehicles as the main goal, the thermophysiological
model coupled with the detailed car CFD simulation becomes a valuable tool in the automotive
industry as a part of the product development process [92].

2.6 Discussion
Thermal satisfaction with the environment is a complex phenomenon influenced by a large
number of physical, physiological and non-physical factors, making comfort prediction in the
building design phase complicated. Therefore, thermal comfort assessment has been an attractive
research topic throughout the years. Since research on physiological responses of the human
body started, different models of human thermoregulation have been developed. In this paper,
advanced thermoregulation models that were developed in recent years were reviewed. Particular
emphasis was given to the existing application of the models.
Through the years, models gradually developed from homogeneous cylinder to two-node
models, and further to multi-node models that simulate the human body and its regulatory
responses in detailed and extensive ways. The developed models are not identical; however
certain characteristics are shared. All models have the modelling of the heat exchange within the
body and the body with the environment in common. They differ in modelling the geometry of
the human body (one-node models, multi-segments models). The heat balances within the model
are straightforward and well explained. Another difference between the models is in the
modelling of the active part that determines physiological responses of the body. The models
used different empirical relationships that correlate to diverse physiological responses (sweat
rate factors, blood flow rates). Thermal responses under different environmental conditions vary
from person to person. To avoid rough representation of the thermal physiological stress
responses and to be able to exactly simulate what occurs in the human body, individual responses
have to be adequately understood and explored.
Human thermoregulation modelling and developed thermophysiological models are relevant
instruments for understanding the complex thermal behavior of the human body. The developed
thermophysiological models offer an opportunity to explore the reactions of the human body in
different environmental conditions. The models simulate physiological outputs via computer
code. The accuracy of the models is validated by comparing the simulation results with the
experimental data. Yang et al. [94] discuss the methods of evaluating the accuracy of
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thermophysiological models. In his study, Yang et al. [94] observed that the prediction accuracy
of different models for the same thermal responses and their comparison is not often discussed
[94]. One of the possible reasons is that often the models are not available. Therefore, the only
way to see the simulation results for a specific environment is to observe the figures presented
by the authors in published literature. One possibility that could improve the methodology for
comparing the accuracy of the models is creating a database that researches could access. The
database could include information on simulation accuracy of different models for specific
environmental condition and conditions regarding clothing and activity. Table 2.5 shows the
studies, in which the prediction accuracy of different models was compared.
Table 2.5. Studies in which the models were compared with other ones

Model

The model used for comparison

Outputs compared

Zolfaghari and
Maerefat [45]

•

•

Mean skin temperature

•

Local skin temperature for a
step change environment from
28 ºC to 4.7 ºC

•

The predicted mean skin and
rectal temperature (constant
environment with a step change
in metabolic rate)

•

Mean skin and rectal
temperature

•

Mean and local skin
temperature

•

Mean and local skin
temperature

•

Skin temperature and
evaporative heat loss

•

Mean and local skin
temperature

•

Mean latent heat loss

•

Latent heat loss and gain

•

Mean skin and rectal
temperature

Berkeley [16,17]

•

Berkeley [16,17]

•

Smith (as presented in [96])

Fiala [9,14,15]

•

Stolwijk [52]

Re-evaluated
Stolwijk model
[55]

•

Stolwijk [52]

•

Fiala [9,14,15]

•

Berkeley [16,17]

•

Berkeley [16,17]

•

Salloum et al. [95]

•

Berkeley[16,17]

•

Fu [96]

•

Fiala [9,14,15]

Salloum et al.
[95]

Foda [97]
Kaynakli et al.
[50]

Al-Othmani et al.
[56]

Novieto [57]
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The literature review shows the evolution of models in time and how researchers modified the
models to match their research needs. The intention is not to criticize or discuss which model is
better, but to offer a summary of the main attributes of the models (Table 2.6). Hopefully, this
could be helpful for researches when making a decision which model better suits their needs.
Table 2.6. Summary of the main attributes and constraints of selected models
Model

Attributes

Constraints

Gagge [36]

•

Foda [44]

•
•
•
•
•

•
•
•
•
•
•

•

Stolwijk
[52]

•

The whole body, single
segment, two layers [45,54]
Easy to implement [54]
Short calculation time [44]
Two nodes: core and skin
17 segments
Adjusted two-node model for
individual body parts
Skin set-points based on
neutral condition
measurements
Local skin temperatures: six
segments, four layers [52]

•
•
•
•
•

•
•

Tanabe [71]

•
•

•

Berkeley
[16,17]

•

•

•

•

•

Local skin and core
temperatures: 17 segments
Validated for steady state and
non-uniform transient
conditions
Physical characteristics can
be changed
Validated for steady-state
conditions, transient and nonuniform environment
Local physiological output
possible of an arbitrary
number of segments
Each body segment can be
exposed to different
environmental conditions
The model structure is very
flexible and the model can be
modified and implemented
easily
Individualization

•

•

Only uniform conditions [54]
Moderate activity level [54]
One hour of exposure time [25]
No local body part outputs
Steady-state conditions
Lower predictability at the limbs
in an extremely cold environment
Similar average of subjects
Normal office clothing
Sedentary activities
Constant environment [25]
Assumes that every node of a
segment has the same blood
temperature [54]
Prediction of the core temperature
in the cold environment is less
accurate[14,17]
Based on set point temperatures of
each segment

During transient conditions
simulated arm temperature is
lower than the measured one, but
the final stable arm temperature
has very good agreement
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Fiala [14]

•

•
•
•

•

ThermoSem
[10,18]

•
•

•
•

Extensive validation
covering steady-state and
transient conditions, and
various activity intensities
Environmental temperatures:
5ºC – 50ºC
Activity intensity: 0.8 met –
10 met
Average RMS deviation of
0.7ºC and 0.9ºC for the mean
and local skin temperatures
for moderate, hot and cold
stress conditions
Average of 0.2 ºC RMS
deviation for body core
temperature
Local skin temperatures: 19
segments [18]
Sub-division into sectorsasymmetric conditions
possible [10]
Based on neurophysiology
[18]
Individualization [10]

•
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•

Lower predictability of skin
temperatures during exercise in
cold environments
Regression-based

•

Validated for mild conditions [19]

The literature review indicates that even though sophisticated models were developed with the
advancement in computer evolution, the models are still not ordinarily used when considering
daily applications in the built environment. One reason is that the accuracy of the inputs has to
be assured in order to incorporate models in the design processes of buildings and daily
application of thermal comfort. For example, the study of Veselá et al. [98] accentuated the need
for accurate and reliable input data. Another reason is although it is commonly assumed that the
physiological state of the human body presents some predictable comfort response, the relation
between the simulated outputs of the model and perceived thermal comfort still has to be
affirmed.

2.7 Conclusions
The thermophysiological model that provides physiological responses coupled with other nonphysical parameters (behavioural and cultural) that influence perceived thermal comfort, is a
valuable part of the methodology for modelling thermal sensation. To enable the practical use of
a thermophysiological model several topics still need to be explored.
To achieve a high percentage of occupant thermal satisfaction in building with the reduction of
energy use for heating and cooling, occupant’s physiological behavior must be taken into account
more precisely. Individual differences in human physiology (age, gender, body composition)
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influence the thermal state of the body and physiological responses, thus creating possible
differences in thermal comfort and thermal preferences of occupants. People from different
climate areas and different ethnic background may experience thermal comfort and sensation
differently in the same environmental conditions. Including physiological and psychological
differences can provide more accurate thermal comfort assessment.
Till now, human physiological behavior was not integrated into control processes, and including
the human being could benefit the process of achieving extended management of energy demand
based on the individual occupant. When considering the control of individual comfort in the built
environment, it is necessary to find critical parameters that predict changes in occupants’
comfort. Upper-extremity skin temperature shows potential as a control indicator (for slightly
cool office environments) for individual control of personal conditioning. Previous research
introduced modelling isolated human extremities exposed to the extreme environment. The
approach of using the simplified thermoregulation model for human extremities exposed to the
office environment, that includes human thermoregulatory responses, should be considered for
evaluating the skin temperature for human body extremities. The model of human extremities
might provide an insight into the relationship between local skin temperature and local thermal
comfort, as well as the influence on overall thermal comfort and sensation. Further research
should aim to improve the prediction of the local and overall thermal comfort and make a step
towards bringing the models closer to the everyday comfort application.
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This chapter has been published as:
K. Katić, R. Li, B.R.M Kingma, and W. Zeiler, “Modelling hand skin temperature in relation to
body composition”, Journal of Thermal Biology 69 (2017): pp. 139-148

In this chapter, a two-node hand thermophysiological model for predicting hand skin
temperature was developed and validated with published experimental data. In addition, a
sensitivity analysis was performed which showed that the variations in skin blood flow and
blood temperature are most influential on hand skin temperature. The aim of the chapter is to
apply the hand model to simulate the hand skin temperature of the obese and normal weight
subgroup in different ambient conditions.
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3.1 Introduction
Thermal comfort indicates occupants satisfaction with their environment, therefore is considered
as an important indicator in building design process. Widely used standards for thermal comfort
are based on Fanger’s model [1] and the adaptive approach [2] that are generally used in building
design process [3]. The Fanger’s model predicts thermal comfort for the whole body in steadystate climate conditions and is based on six parameters [3,4]. To maintain a comfortable
environment in buildings, one-third of the primary energy in developed countries is consumed
by heating, cooling and ventilation systems [4]. High energy consumption in the built
environment has therefore resulted in the development of personalized heating and cooling
systems that influence the climate of local body parts [5,6]. Research shows that these systems
can improve individual comfort and reduce energy consumption at the same time [7–10]. The
overall thermal comfort in the non-uniform and transient environment is influenced by the
thermal sensation of local body parts [11]. Therefore, thermophysiological and thermal comfort
models need to be able to accurately predict local skin temperatures and subsequently with that
local thermal sensation and comfort.
The current thermal comfort standards and guidelines are based on Fanger’s model [3,12], and
the representation of the building occupant is as an average person. However, studies show that
individual differences should be taken into account since there is a difference in physiological
responses between men and female, young and elderly and obese and normal weight people [13–
15].
The skin temperature distribution is linked to differences in body composition and blood flow
regulation [16–18]. Therefore, when predicting local skin temperatures these physiological
differences between specific subgroups, such as obese and normal weight people, should be
taken into account.
According to the World Health Organization, normal weight individuals are those considered to
have a body mass index between 18.5 and 25.0 kg/m2. Overweight individuals have a body mass
index from 25 till 30 kg/m2 and individuals with the body mass index higher than 30 kg/m2 are
considered obese (World Health Organization). Different body composition can greatly
influence heat production and heat loss. Obese people have higher resting metabolic heat
production in comparison to normal weight individuals [20]. Compared to the other tissue in the
body, fatty tissue has lower thermal conductivity [21]. The higher amount of the adipose tissue
that acts as an insulator barrier interferes with the heat transfer in the obese individuals (Figure
3.1) [20,22]. The body of an obese individual has to compensate for the higher heat productions
and dissipate the heat in those body parts with a lower amount of adipose tissue and lower
insulator capacity. Human extremities, such as hands have relatively less adipose tissue and serve
as an effective body part for dissipation of heat in obese people [16].
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Figure 3.1. Schematic view of how human body fat act as an insulator barrier during heat transfer (where
Tcore is core temperature, Tsk is skin temperature, Ta is the ambient temperature, dbf is the body fat thickness,
Esk is the evaporative heat loss, Qc+r is convection and radiation heat transfer)

Knowing this, predicting the local skin temperatures accurately should take into account that
hand skin temperature might be linked to the difference in body composition. Therefore, this
paper aims to:
•

provide a brief overview of the literature on the relationship among regional human
body temperatures, blood flow and body composition

•

develop a thermophysiological hand model and analyze the effect of physiological
characteristics on hand skin temperature

•

simulate obese and normal weight people and validate the results with experimental
data from the literature

3.2 Methods
3.2.1 Meta-analysis and data collection from the literature regarding regional
physiological characteristics in correlation to body composition
A literature search was performed in two stages. In stage one, the search was focused on papers
that involve a correlation between human regional body temperatures and body composition.
The search was conducted using a combination of these phrases: body composition, normal
weight and obese, skin temperature and regional body temperature. In the second stage, the
literature search was focused on a relationship between hand blood flow and body composition
using these phrases: skin blood flow, hand blood flow, normal weight and obese. Figure 3.2
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shows the resulted articles [16–18,23–35] that were reviewed to determine the eligibility for
inclusion in the analysis conducted in this paper. Furthermore, studies that are included in the
analysis conducted in this paper by using its data are described in more detail in sections 3.2.1.1.1
and 3.2.1.2.

Figure 3.2. Schematic overview of studies on the relationship between the body composition and human
body temperatures and body composition and regional blood flow

3.2.1.1 Body composition and regional human body temperatures
Several studies investigated the relationship between body composition, energy expenditure and
skin surface temperature distribution [16–18,29]. Individual variation in energy expenditure is
largely explained (with a coefficient of determination r2>0.7) by differences in fat-free mass [36].
The higher amount of fat-free mass will result in higher resting energy expenditure [36].
Furthermore, body composition affects skin temperature distribution, such that lean people vs.
obese people tend to have lower distal skin temperatures (hand) (see Table 3.1).
Savastano et al. [16] investigated the correlation between adiposity and hand temperature, and
adiposity and abdomen temperature in obese and normal weight people. The study showed that
obese subjects had increased heat dissipation through the hands and the fingernail bed. The hand
temperature in obese people was higher than those in normal weight subjects [16].
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Another study that considers the relation between body composition and temperature profiles of
the distal parts of the human body was done by Claessens-van Ooijen et al. [17]. The focus of
the measurements in the study was to compare heat production and body temperatures in obese
and normal weight subjects during thermoneutral, cold and rewarming conditions. The
temperature profile in the thermoneutral conditions shows that distal skin temperature (average
of hand and foot skin temperatures) was higher in the overweight group compared with the
normal weight subjects.
Table 3.1. Characteristics of the selected studies concerning body composition and regional human body
temperatures

Study characteristics

Subjects nr.

Normal
weight
Obese

Gender
Distal skin
temp. (ºC)

Normal
weight
Obese

Body composition

Temperature
Measurement

Metabolic
rate

Ambient conditions

Duration

Clothing

Savastano et
al. [16]

Claessens-van
Ooijen et al.
[17]

Wijers et al.
[18]

Chudecka et
al. [29]

13

10

10

20

23
F&M

10
Male

10
Male

20
Female

32.5

30.5 ± 0.8

31.44 ± 0.39

31.7 ± 0.8

33.5
Dual energy
X-ray
absorptiometr
y
Infrared
thermography

31.5 ± 1.3
Under-water
weighing and
deuterium
dilution
Surface
thermistors

32.46 ± 0.33

31.5 ± 0.2

Hydrodensitometry

Bioimpedanc
e method

iButtons

Infrared
thermography

Open-circuit
calorimetry

Respiratory gas
analyzer (Weir
equation

Respiration
chamber
(Weir
equation)

No

23.1 ± 0.2 ºC

1. 15ºC+duvet
2. 15 ºC
3. 15ºC+duvet

1. 22 ºC
2. 16 ºC

25.1±0.3 ºC

≈1h

1. 1h
2. 1h
3. 1h

1. 36h
2. 48h

Skin
temperature
measured
after 20
minutes

Usual light
clothing

0.71 clo
duvet
(375 g/m2)

0.8 clo
(when
sleeping
under a
duvet 0.7clo)

Underwear
(panties and
bra) and
earflaps
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Wijers et al. [18] measured thermogenesis and temperature distribution in obese and normal
weight subjects during midterm mild cold and neutral exposure. The result showed that the obese
subjects had higher distal temperatures under both conditions compared with the normal weight
subjects [18].
A study on how body composition is related to skin temperature distribution in obese and normal
weight people was conducted by Chudecka et al. [29]. The measurements were performed under
thermoneutral conditions (25 ºC) during which skin temperature and body composition were
measured. No significant difference was found in the hand skin temperature between the obese
and normal weight group.
With the intention to compare the results from these four studies, a number of observations were
made. In Table 3.1 it can be seen that for each study, the reported environmental conditions and
clothing values of experiments are different. However, every condition is given as thermoneutral.
This raises a problem to compare these experimental results and a question about what conditions
should be considered as thermoneutral. Therefore, to compare the results it was selected to
include measured metabolic rate and distal (hand) temperature from each study, rather than base
it on the slightly different environment.
To compare regional temperature distribution in the normal weight and obese people, the
metabolic rate of each group is considered. As shown in Table 3.1 most of the studies measured
metabolic rate except one. Those that measured it presented the data on resting metabolic rate
[16], energy production [17] or daily and total energy expenditure [18]. In order to show the
difference in hand temperatures between obese and normal weight group, measured metabolic
rate was included in studies by Savastano et al. [16], Claessens-van Ooijen et al. [17] and Wijers
et al. [18]. The metabolic rate data were not reported in Chudecka et al. (2014) , for the purpose
of this study metabolic rate for the population in Chudecka et al. [29] was calculated for both
normal weight and obese group according to Cunningham [36].

Figure 3.3. Comparison of the hand temperature in correlation with metabolic rate for obese and normal
weight people, based on data from [16–18,29]
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From Figure 3.3 it can be seen that in three cases the hand and distal temperature of the obese
group are higher on average for 1 ºC. The metabolic rate in these cases was either the same for
both groups, or normal weight group had a lower metabolic rate. In Chudecka’s study [29], it
can be seen that normal weight group had a slightly higher metabolic rate (0.49 W/m2 higher)
and reported hand temperature between both groups was almost the same with the difference of
0.2 ºC (see Figure 3.3). The presented measurement results for obese people are averaged values
of all test subject in an obese subgroup, and for normal weight people are averaged values of all
test subjects in the normal weight subgroup.

3.2.1.2 Body composition and blood flow
In section 3.2.1.1.1, the difference in regional temperature distribution between normal weight
and obese people was discussed. It was shown that obese people tend to have a higher hand
temperature compared to normal weight people. Human hands contain a high amount of AVAs
(arteriovenous anastomoses) that regulates heat loss by changing distal blood flow [16,37]. Since
human hands have a lower fat percentage than other body parts such as abdomen or hips, heat
loss at distal body parts in obese people remains effective [16]. To investigate the parameters
that may influence the difference in regional temperature distribution between normal weight
and obese people, literature was searched in order to find data for peripheral blood flow in obese
and normal weight people. Only a few articles were found, which provide data on the difference
in blood flow in human extremities in obese and normal weight people. Table 3.2 shows selected
studies where forearm blood flow measurements were performed in normal weight and obese
people.
Blaak et al. [25] reported total blood flow in ml/100ml∙forearm∙tissue∙min, in the forearm during
rest in lean people is lower compared with obese people [25]. Vroman et al. [26] evaluated
forearm blood flow in normal weight and obese people during rest and exercise in a hot
environment. During the rest period, obese people were observed to have slightly lower blood
flow per 100 ml of tissue (approximately 0.5 ml/100ml∙tissue∙min) compared to normal weight
people. During high intensity exercise in a hot environment, obese people were observed to have
lower blood flow per 100 ml of tissue. After 15 minutes of exercise, obese people were observed
to have approximately 4 ml/100ml∙tissue∙min lower blood flow when compared to lean people
[26].
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Table 3.2. Characteristics of the selected studies concerning body composition and blood flow

Study
Participants

Normal
weight
Obese

Gender
Age (Years)
Body composition

Forearm blood flow
measurements

Vroman et al. [26]

8

10

8
Male
Normal weight=25±1.6
Obese=31.8±1.6
-Hydrostatic weighing
-Forearm composition: crosssectional analysis with MRI
-Total BF: Venous occlusion
plethysmography
-Skin BF: Laser Doppler
-Subcutaneous adipose tissue: Xe
washout method

10
Male
25±6
Hydrostatic weighing

-Total BF: Venous
occlusion
plethysmography

21-23 ºC

Hot: 38ºC
Neutral: 22ºC

Normal
weight

1.43±0.13 ml/100ml∙tissue∙min

7.5
ml/100ml∙tissue∙min

Obese

1.62±0.26 ml/100ml∙tissue∙min

7 ml/100ml∙tissue∙min

Ambient conditions
Blood flow
at rest

Blaak et al. [25]

3.2.2 Thermophysiological hand model
In sections 3.2.1.1 and 3.2.1.2 was shown that there are differences in the regional distribution
in skin temperatures and blood flow between obese and normal weight people. This can be a
valuable insight for the prediction of local skin temperatures with thermophysiological models.
Thermophysiological models calculate skin and core temperatures that might be used later on in
thermal sensation models to predict thermal sensation and comfort. A detailed overview on
thermophysiological models and their development can be found in studies by Foda et al. [38],
Cheng et al. [12], De Dear et al. [39], and Katic et al. [40].
In this section a hand thermophysiological model was developed and was used to investigate
possible parameters that influence hand skin temperature. The developed model was also used
in simulating hand skin temperatures for both obese and normal weight people. The developed
model was modified based on the existing model that was presented at the Indoor Air 2016
conference by Katic et al. [41]. The main difference is in input data of the blood flow and blood
temperature in the hand exposed to a different environment that improved the predictability of
the model, which is shown in the validation section. The analysis also provides an insight into
the causes of the different hand temperature in obese and normal weight people.
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The hand is modeled as two concentric cylinders based on a well-known Gagge’s model
developed in 1971 [42]. The inner cylinder represents the body core tissue and the outer cylinder
represents the skin. Skin and core temperatures are simulated by using energy balance equations
for each node. The heat production in the core is the core metabolic rate and additional external
work done by the muscles. In this study, external work is assumed to be zero. The heat losses in
the core are via heat conduction and mass transfer to the skin. The heat gains in the skin node
are via heat conduction and mass transfer from the core node. The skin node losses heat via
evaporation, radiation and convection. The energy balance equations for the hand segment can
be written separately for each node as:
𝐶𝐶𝑐𝑐𝑐𝑐 𝑑𝑑𝑑𝑑𝑐𝑐𝑐𝑐
= 𝑀𝑀 − 𝑊𝑊 − 𝐻𝐻𝑐𝑐𝑐𝑐−𝑠𝑠𝑠𝑠 + 𝐻𝐻𝑏𝑏𝑏𝑏,𝑐𝑐𝑐𝑐
𝐴𝐴ℎ 𝑑𝑑𝑑𝑑

𝐶𝐶𝑠𝑠𝑠𝑠 𝑑𝑑𝑑𝑑𝑠𝑠𝑠𝑠
= 𝐻𝐻𝑐𝑐𝑐𝑐−𝑠𝑠𝑠𝑠 + 𝐻𝐻𝑏𝑏𝑏𝑏,𝑠𝑠𝑠𝑠 − 𝑄𝑄𝑐𝑐+𝑟𝑟 − 𝐸𝐸𝑠𝑠𝑠𝑠
𝐴𝐴ℎ 𝑑𝑑𝑑𝑑

(3.1)
(3.2)

where 𝐶𝐶𝑠𝑠𝑠𝑠 𝑎𝑎𝑎𝑎𝑎𝑎 𝐶𝐶𝑐𝑐𝑐𝑐 are skin and core thermal capacitance (J/ ºC) , respectively. t is time (s), M
is metabolic rate (W/m2), W is external work done by muscles (W/m2), Hcr-sk is conduction heat
transfer between the two nodes, 𝐻𝐻𝑏𝑏𝑏𝑏,𝑐𝑐𝑐𝑐 𝑎𝑎𝑎𝑎𝑎𝑎 𝐻𝐻𝑏𝑏𝑏𝑏,𝑠𝑠𝑠𝑠 are a heat transfer by the skin and core blood
flow, respectively. Tsk and Tcr are skin and core temperatures (ºC), Qc+r is convection and
radiation heat transfer (W/m2), Esk is the evaporative heat loss from skin (W/m2) and Ah is the
hand surface area (m2).
Metabolic heat production for the hand is calculated based on basal metabolic rate (W/m2)
distribution in the body according to Tanabe et al. (2002). For this study it is assumed that
shivering does not contribute to heat production in the hand. Furthermore, the metabolic rate
changes with a constant ratio for a given temperature change, which is also known as Q10-effect
[44]. The Q10-effect is included in the model when calculating the metabolism of the hand as
follows [45]:
M=Mh∙ Q10 (ΔTcr)/10)

(3.3)

where M is overall metabolic heat production of the hand, Mh is the metabolic heat of the hand,
Q10 is the factor by which the rate changes and for the human tissue it ranges between 2-3 [46],
in this model 2.1 is selected for Q10, and ∆Tcr =Tcr -Tn-cr is the temperature change between actual
core temperature and neutral core temperature (Tn-cr). The value of Tn-cr can be found in Table
3.5.
Following the approach of the Foda and Sirén model [47], the heat transfer from the core to the
skin is divided into two components:
•

Heat transfer through the tissue:
𝐻𝐻𝑐𝑐𝑐𝑐−𝑠𝑠𝑠𝑠 = 𝐾𝐾(𝑇𝑇𝑐𝑐𝑐𝑐 − 𝑇𝑇𝑠𝑠𝑠𝑠 )

(3.4)
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where K is the heat conductance of the hand tissue (W/m2 K). The values were adopted from
Kohri and Mochida study [48] and the values for the hand conductance were considered equal
to that of the upper arm. Table 3.3 shows the values of the conductance of the hand tissue used
in this model.
Table 3.3. Heat conductance of the tissue for the upper arm [48]

Operative temperature (°C)
Heat conductance of the upper arm
tissue (W/m2 K)
•

10

15

20

24

30

6

7.2

8.2

9.2

10.56

Heat transfer by the skin and core blood flow:

𝐻𝐻𝑏𝑏𝑏𝑏,𝑠𝑠𝑠𝑠 = 𝜌𝜌𝑏𝑏𝑏𝑏 ∙ 𝑐𝑐𝑏𝑏 ∙ 𝑚𝑚𝑏𝑏𝑏𝑏,𝑠𝑠𝑠𝑠 ∙ (𝑇𝑇𝑏𝑏𝑏𝑏 − 𝑇𝑇𝑠𝑠𝑠𝑠 )/𝐴𝐴ℎ
𝐻𝐻𝑏𝑏𝑏𝑏,𝑐𝑐𝑐𝑐 = 𝜌𝜌𝑏𝑏𝑏𝑏 ∙ 𝑐𝑐𝑏𝑏 ∙ 𝑚𝑚𝑏𝑏𝑏𝑏,𝑐𝑐𝑐𝑐 ∙ (𝑇𝑇𝑏𝑏𝑏𝑏 − 𝑇𝑇𝑐𝑐𝑐𝑐 )/𝐴𝐴ℎ

(3.5)
(3.6)

where 𝑐𝑐𝑏𝑏 is the specific heat of the blood (3850 J/kgK), 𝜌𝜌𝑏𝑏𝑏𝑏 is density of the blood (kg/ m3),
𝑚𝑚𝑏𝑏𝑏𝑏,𝑠𝑠𝑠𝑠 is the hand skin blood flow (m3 /s), 𝑚𝑚𝑏𝑏𝑏𝑏,𝑐𝑐𝑐𝑐 is the hand core blood flow (m3 /s) and 𝑇𝑇𝑏𝑏𝑏𝑏 is
the blood temperature in the hand. Q10 effect on skin blood flow is given by [45]:
∆𝑇𝑇𝑠𝑠𝑠𝑠
)
10

𝑚𝑚𝑏𝑏𝑏𝑏,𝑠𝑠𝑠𝑠 = 𝑚𝑚𝑏𝑏𝑏𝑏,𝑠𝑠𝑠𝑠,𝑏𝑏 ∙ 𝑄𝑄10 (
𝑚𝑚𝑏𝑏𝑏𝑏,𝑐𝑐𝑐𝑐 = 𝑚𝑚𝑏𝑏𝑏𝑏,𝑐𝑐𝑐𝑐,𝑏𝑏 ∙ 𝑄𝑄10

(3.7)

∆𝑇𝑇
( 𝑐𝑐𝑐𝑐)
10

(3.8)

where 𝑚𝑚𝑏𝑏𝑏𝑏,𝑠𝑠𝑠𝑠,𝑏𝑏 and 𝑚𝑚𝑏𝑏𝑏𝑏,𝑐𝑐𝑐𝑐,𝑏𝑏 are skin and core blood flow rates for the hand and ∆Tsk =Tsk -Tn-sk
is the temperature change between actual skin temperature and neutral skin temperature (Tn-sk).
The value of Tn-sk can be found in Table 3.5. The blood flow data for the hand were taken from
[49,50], and the data set is presented in Table 3.4.
Table 3.4. Blood flow rates for the hand segment [49,50]

Segment
Hand

Minimum skin
blood flow
(cm3 /h)
0

Basal skin
blood flow
(cm3 /h)
4699

Maximum skin
blood flow
(cm3 /h)
5723

Core blood
flow
(cm3 /h)
264

The isolated hand segment model output is significantly influenced by skin blood flow and blood
temperature inputs. Some data for the minimum, basal and maximum skin blood flow are known.
However, for different environmental exposures, there is no blood flow data. In the study by
Kingma et al. [51] normalized perfusion at the ventral hand of an individual subject was given.
In this validation, protocol subjects were in supine position dressed only in shorts (0.04 clo).
This data gave an insight on how the skin blood flow in the hand decreases from 30 ºC ambient

Modelling hand skin temperature in relation to body composition

79

temperature to 20 ºC. Assuming that the basal skin blood flow is at 30 ºC and with data on
normalized perfusion from the study by Kingma et al. [51], the skin blood flow at 20 ºC is
obtained for subjects with light clothing (shorts, short shorts≈0.04-0.08 clo) [52,53]. For the
purpose of this study, when simulating exposures with subjects in normal office clothing (≈0.620.96 clo) [47,53] it was assumed a lower drop in blood flow from 30 ºC to 20 ºC.
With the assumption that minimum blood flow is at 0 ºC, and with obtained data for 20 ºC and
30 ºC, linear interpolation of the dataset is used to obtain blood flows for different environmental
exposures (Figure 3.4). These assumptions on skin blood flow inputs for the hand were validated
later on when comparing calculated hand skin temperatures with the measurement data from the
literature.

Figure 3.4. Skin blood flow rates (a) and blood temperatures (b) for the hand

The hand blood temperature is another input parameter for the hand model. Literature shows that
the blood temperature in the hand is around 35 ºC [54] and that can get to around 30 ºC [50] in
cold environments. However, this data do not specify how the blood temperature is changed in
different environmental and clothing conditions. The study by Pennes [55] provides data on
forearm arterial blood temperature. The data show how blood temperature varies in the same
environmental conditions from subject to subject. Based on the presented data, in this model for
normal office clothing it was assumed that from hot to neutral and to cold environment the blood
temperature decreases, around 0.85 ºC. For lighter clothing, a higher drop in the blood
temperature of around 1.19 ºC is assumed. As described previously, it can be seen that lower
blood temperatures and skin blood flow are assumed for conditions where subjects are resting in
supine positions and wearing only shorts (light clothes). The used input parameters in this model,
including the metabolic heat of the hand and initial neutral conditions of skin and core
temperatures (Tn-sk and Tn-cr ), are presented in Table 3.5.
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Table 3.5. Input parameters for the hand model

Hand surface area Ah (m2)[56]

0.05

Neutral skin set temperature Tn-sk (ºC)[47]

34.05

Neutral tissue set temperature Tn-cr (ºC) [56]

35.00

Convective heat transfer coefficient hc (m2 K)[57]

4.50

2

Radiative heat transfer coefficient hr (W/m K) [57]

3.90

Core thermal capacitance Ccr (J/ºC)[58]

791.36

Skin thermal capacitance Csk (J/ºC) [58]

723.47

Radiation and convection are usually combined to describe the total sensible heat exchange. The
calculation of the sensible heat loss can be found in ASHRAE Fundamentals Handbook [53].
The convective and radiative heat losses of the hand segment at the skin surface are calculated
by:
𝑄𝑄𝑐𝑐+𝑟𝑟 =

𝑇𝑇𝑠𝑠𝑠𝑠 − 𝑇𝑇𝑜𝑜
𝑅𝑅𝑡𝑡

(3.9)

where 𝑅𝑅𝑡𝑡 is the total insulation, the total uniform thermal resistance between the body and the
environment including clothing and boundary resistance, Tsk and To are skin and operative
temperature. In the case of the hand model the hand segment is presented as nuthe de part. For
the nude segment Rt is calculated as:
𝑅𝑅𝑡𝑡 =

𝑅𝑅𝑎𝑎
𝑓𝑓𝑐𝑐𝑐𝑐

𝑤𝑤𝑤𝑤𝑤𝑤ℎ

𝑅𝑅𝑎𝑎 =

1
ℎ𝑐𝑐 + ℎ𝑟𝑟

(3.10)

where 𝑅𝑅𝑎𝑎 is thermal resistance at the skin boundary for the nude body, fcl is the clothing area
factor (for the nude body fcl is equal to 1), hr (W/m2 K) is radiative heat transfer coefficient and
hc (W/m2 K) is convective heat transfer coefficient. Radiative and convective heat transfer
coefficient for the hand presented in Table 3.5 are taken from the study by de Dear et al. [57].
In Figure 3.5 the evaporative heat losses used in the model are shown. These are empirical results
measured by Werner and Reents [59]. The hand model can be illustrated using a typical segment
node structure shown in Figure 3.6.
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Figure 3.5. Heat loss by evaporation for the hand Werner and Reents [59]

Figure 3.6. Two-node hand model

The equations were implemented in Matlab where all calculations were performed. The hand
model was validated by performing simulations for three different environmental conditions.
The cases were chosen to represent cold, neutral and hot conditions in an office environment.
The specific input parameters used for the specific simulation case are given in Table 3.6. The
input parameters of the ambient temperature, whole body metabolic rate and the body surface of
the obese and normal weight subgroup are obtained from the papers of Foda and Sirén [47] and
Werner and Reents [59]. Local distribution of the basal metabolic rate and body surface
according to Tanabe et al. [43] was used to acquire hand surface (Ah) and hand metabolic rate
(Mh). Taking into account ambient temperature, other inputs were derived from presented data
in chapter 3 of the paper: conductance K (Table 3.3), evaporative heat loss Esk (Figure 3.5), core
blood flow mbl,cr,b (Table 3.4) and skin blood flow mbl,sk,b and blood temperature for the hand Tbl
(Figure 3.4).
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Table 3.6. Simulated environmental exposures and input parameters

Case

Ta
(ºC)

Mh
(W/m2)

Esk
(W/m2)

K
(W/Km2)

mbl,sk,b
(cm3 /h)

mbl,cr,b
(cm3 /h)

Tbl
(ºC)

For validation with Foda and Sirén [47] experimental data
Cold

15.5

4.34

13.3

7.2

546.3

264

33.3

Neutral

24.6

4.34

28.9

9.2

2542.2

264

35

Hot

30.1

4.34

43

10.56

4699

264

35.85

For validation with Werner and Reents [59] experimental data
Cold

10

2.79

10

6

145.7

264

30.2

Slightly
cool

20

2.79

16

8.2

291.3

264

32.6

Hot

30

2.79

43

10.56

4699

264

35

3.2.3 Sensitivity analysis
In order to simulate the hand skin temperature of obese and normal weight people with the
thermophysiological model, the analysis was performed to understand which parameters
influence the hand skin temperature the most. Based on the sensitivity analysis, the assumption
will be made on the difference in parameters between obese and normal weight people that
causes hand temperature difference. The developed hand model was used to obtain information
on how hand temperatures are affected by physiological characteristics (metabolic rate, blood
temperature, skin blood flow and conductance of the tissue).
The analysis was performed using values that represent low, medium and high setting to test the
effect of each parameter. To evaluate how local (hand) metabolic rate is affecting skin
temperature we simulated three different cases changing the hand metabolic rate. The values
selected represent a different level of activity (resting, normal office work and higher activity ≈
lifting/packing) but scaled to the local hand metabolism.
The effect of the skin blood flow, blood temperature and conductance was assessed by simulating
in total 27 cases that included three different blood temperatures, three conductance values and
three skin blood flow values (see Table 3.7). The values for conductance were taken from Table
3.3, where for 20 ºC conductivity is 8.2 W/Km2 and to understand the impact of decreasing and
increasing the value to 7.2 and 10.6. The same approach was used for the skin blood flow and
blood temperature, where the values were taken from Figure 3.4. The two values represent the
data for 20 ºC air temperature, for both light and normal weight clothing, and the third value
represents (medium value) an increase from the value for 20 ºC and light clothing.

Modelling hand skin temperature in relation to body composition

83

Table 3.7. Input parameters for analysis of the effect of hand blood temperature, skin blood flow and
conductance

Ta (ºC)

Mh (W/m2)

Esk
(W/m2)

mbl,c,b
(cm3 /h)

20

2.8

16

264

Tbl
(ºC)
32.6
33.4
34.2

mbl,sk,b
(cm3 /h)
291.3
469.9
704.9

K
(W/Km2)
7.2
8.2
10.6

3.2.4 Model application: Hand skin temperature for obese and normal weight
subgroup
Human hands contain a high amount of AVA that regulates heat loss by changing the peripheral
blood flow [60–62]. When the body temperature increases, the body acts by allowing large
quantities of blood to flow through opened AVAs in the extremities [16,63]. Overweight people
lose heat in sites where there is a lower amount of adipose tissue such as hands [16]. Previous
studies showed that the hand skin temperature in overweight people is higher when compared
with normal weight people. To simulate hand skin temperature of the hand for obese and normal
weight people, the following estimates were made concerning the blood flow and blood
temperature in the hand based on the literature and executed sensitivity analysis.
Based on the literature on blood flow in obese and normal weight people of Vroman et al. [26],
the hand skin blood flow was estimated to be 1.2 times higher in obese people vs. normal weight
people. Furthermore, the blood temperature was estimated as 1°C higher in obese people vs.
normal weight people based on the Pennes [55] study. The input parameters for the simulation
are shown in Table 3.8. The ambient temperature, whole body metabolic rate and the body
surface of the obese and normal weight subgroup are known from Savastano et al. [16] study and
Wijers et al. [18] study. Local distribution of the basal metabolic rate and body surface according
to Tanabe et al. [43] were used to acquire hand surface (Ah) and hand metabolic rate (Mh). Taking
into account ambient temperature, other inputs were derived from presented data in section 3.2.2
: conductance K (Table 3.3), evaporative heat loss Esk (Figure 3.5), core blood flow mbl,cr,b (Table
3.4) and skin blood flow mbl,sk,b and blood temperature for the hand Tbl (Figure 3.4). With these
inputs, simulations were performed to predict hand skin temperature in obese and normal weight
people. The results were compared with experimental results of Savastano et al. [16] and Wijers
et al. [18].
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Table 3.8. Input parameters for simulation of hand skin temperature in obese and normal weight people

Case

Ta
(ºC)

Mh
(W/m2)

Esk
(W/m2)

K
(W/Km2)

mbl,sk,b
(cm3 /h)

mbl,cr,b
(cm3 /h)

Tbl
(ºC)

Ah
(m2)

For validation with Savastano et al. [16] experimental data
Obese

23

2.68

24.1

8.2

2279.9

264

35.7

0.059

Normal
weight

23

2.64

24.1

8.2

1903.0

264

34.7

0.045

For validation with Wijers et al. [18] experimental data
Obese

22

4.10

21.4

8.2

1801.4

264

35.5

0.060

Normal
weight

22

4.10

21.4

8.2

1503.7

264

34.5

0.053

3.3 Results and discussion
3.3.1. Model validation
The simulation was performed with the hand model in order to validate the results with the
experimental data from the study presented by Foda and Sirén [47] and Werner and Reents [59].
Comparison of the calculated hand temperatures and experimental steady-state hand
temperatures for cases after two hours of exposure are shown in Figure 3.7. The model was
validated with experimental data from Foda and Sirén [47] for three ambient temperatures as
shown in Table 3.6. The model has a good agreement with experimental data, in a neutral and
hot environment with an absolute deviation of 0.76 ºC and 0.13 ºC, respectively. The model
predictability in cold case can be observed to be good, with absolute deviation of 0.14 ºC.
To additionally investigate the predictability of the model, simulations were performed for
ambient temperatures: 10 ºC, 20 ºC and 30 ºC and the results were verified with the experimental
results of Werner and Reents [59]. In the experiment, subjects were wearing only shorts while
resting in the hammock and were exposed to a constant environment for two hours [59]. As
shown in Figure 3.7, the model has a good agreement with experimental data in a hot
environment with an absolute deviation of 0.27 ºC. The model predictability in cold (10 ºC) and
slightly cool environment (20 ºC) is lower, with an absolute deviation of 2 ºC for cold and 0.96
ºC for a cool environment.
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Figure 3.7. Comparison between calculated and average, minimum and maximum measured skin
temperatures by Foda and Sirén [47]

3.3.2. Sensitivity analysis
The sensitivity analysis results are shown in Table 3.9, Figure 3.8 and Figure 3.9. The result of
simulation with different local metabolic rates (Table 3.9) showed that with an increase of
metabolic rate in three cases simulated, in average the skin temperature of the hand changed for
0.08 ºC.
Table 3.9. Input parameters and results for analysis of effect of local metabolic rate on hand temperature

Constant input
parameters:

Ta=20ºC; Esk=16W/m2; K= 8.2W/Km2; mbl,sk,b=704.85cm3 /h;
mbl,cr,b=264 cm3 /h; Tbl =34.15 ºC

Local hand metabolic rate Mh (W/m2) input
2.8
4.3
8.2

Hand skin temperature(ºC) output
28.10
28.14
28.26

Figure 3.8 shows how the skin temperature is changing with different blood flow temperatures
and different values of skin blood flow (SBF) for conductance 8.2 W/Km2. By increasing the
blood temperature and skin blood flow in the hand segment, the hand skin temperature increases.
For the hand blood temperature of 32.6 ºC, the increase of the hand skin temperature is in average
1.21 ºC for each increase of the blood flow (Figure 3.8).
Increasing the blood temperatures, the increase of the skin temperatures can be seen as well. For
the case with the skin blood flow equal to 291.3 cm3 /h, the hand skin temperature increase will
be in average 0.41 ºC by each increase in the blood temperature as shown in Figure 3.8. In the
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case of the higher skin blood flow (704.9 cm3 /h) and increasing the blood temperature the
resulted hand skin temperature increase will be higher, 0.61 ºC in average for each blood
temperature change respectively.

Figure 3.8. Calculated hand skin temperatures for different skin blood flows and blood temperatures in the
hand

The resistance of the heat transport from the core to the skin depends on the body tissue structure
and the values of skin to core conductance. To analyze the effect of different values of hand core
to skin conductance on the skin temperature, three different values were used in the simulations.
Figure 3.9 shows the calculated hand skin temperatures for three different conductance values,
different skin blood flow and a blood temperature 32.6 ºC. On average, the skin temperature of
the hand changed for 0.07 ºC with the increasing values of conductance. Increasing the values
of skin blood flow and conductance the difference in hand skin temperatures is decreasing.
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Figure 3.9. Calculated hand skin temperatures for several conductance values between the core and skin of
the hand

In conclusion, skin blood flow and blood temperature are the main influencing factors on the
hand skin temperature change, and increasing the input of the blood temperature 32.6 ºC and
blood flow 291.3 cm3 /h to blood temperature of 34.15 ºC and blood flow of 704.9 cm3 /h can
result in 3.64 ºC increase in hand skin temperature, respectively (Figure 3.8).

3.3.3. Hand skin temperature for obese and normal weight subgroup
Comparison of the calculated hand temperatures and experimental hand temperatures with
experimental results from Savastano et al. [16] and Wijers et al. [18] are shown in Figure 3.10.
The model shows a good agreement with experimental data from Savastano et al. [16] and
Wijers et al. [18]. In the case of the comparison of calculated hand temperatures with
experimental data from Savastano et al. [16], the hand temperature of obese people was predicted
with a deviation of 0.19 ºC and of the normal weight people with a deviation of 0.06 ºC. The
difference in hand skin temperature between obese and normal weight people in the experimental
data from Savastano et al. [16] is 1 ºC and the difference simulated with the model is 0.76 ºC,
respectively.
The comparison of calculated hand temperatures with experimental data from Wijers et al. [18]
showed that the hand temperature of the obese people is predicted with the deviation of 0.22 ºC,
and of the normal weight people with the deviation of 0.31 ºC. The difference in hand skin
temperature between obese and normal weight people in the experimental data from Wijers et
al. [18] was 0.58 ºC and the difference simulated with the model was 1.1 ºC, respectively.
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Figure 3.10. Comparison between calculated and measured hand skin temperatures in obese and normal
weight people by Savastano et al. [16] and Wijers et al. [18].

Thermophysiological hand model, as all models, is a non-perfect representation of reality due to
the simplifications of the true situations (e.g. geometry). It is realistic to assume that reported
measurement data have a range of error. The difference of 1.0 °C between experimental data and
predicted skin temperature results is considered acceptable [64,65]. Therefore, in the case of
predicting hand skin temperature in obese and normal weight people, we accept a reported
maximum deviation of 0.31°C between simulation and measured values.
If the simulation was done using the same input of the skin blood flow and blood temperature
for the obese people as for the normal weight people, the accuracy of the prediction of the hand
skin temperature in the obese group is lower. When validated with the study by Savastano et al.
[16], the hand skin temperature of obese people would be predicted with a deviation of 1.56 ºC,
and in the case of validation with the Wijers et al. [18]. study the deviation would be 1.27 ºC. If
the simulation was performed by considering that the hand skin blood flow is higher in obese
people and the blood temperature is the same as in the normal weight people, the deviation
between the simulation and Savastano et al. [16] study is 1.16 ºC, and between Wijers et al. [18]
study is 0.75 ºC. Properly designed local conditioning systems can reduce energy consumption
in buildings and at the same time improve individual thermal comfort [5]. The local conditioning
systems are focused on heating and cooling local body parts such as hands. Therefore, accurate
prediction of local skin temperatures for the purpose of modelling local thermal sensation gains
more significance. Individual differences such as body composition that is linked to different
hand skin temperature between individuals should be considered. Veselá et al. (2016) discussed
the significance of accurate input data for thermophysiological models and their effect on local
skin temperature calculations. In the study, it was shown how accurate local temperature
influence on local thermal sensation. For example, the change of 1.3°C in arm skin temperature
can result in a change in thermal sensation from neutral to slightly warm/warm [66]. In the same
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study by Veselá et al. [66], the hand skin temperature differences, as well as other body parts,
were reported to be around 1°C. For these body parts and their changes in skin temperatures, the
change on the local thermal sensation scale is about one step [66]. Based on these findings, it
can be assumed that the maximum difference of 1.56 ºC in hand skin temperature can result in a
change of at least one step in sensation scale. Thermophysiological models coupled with thermal
sensation models are used in the built environment as a part of the methodology for predicting
thermal comfort. Therefore, accurate prediction of local skin temperatures in individuals is
directly connected to accurate local thermal sensation prediction.

3.4 Conclusion
This study gives an overview of the distribution of skin temperature in obese and normal weight
people, with the emphasis on the hand skin temperature. In the first part of the paper, an overview
of the studies relating to the correlation between regional physiological characteristics and body
composition was presented. These studies showed the skin temperature of the extremities (hands)
is elevated in obese people in order to compensate for the lower heat loss in the body region. On
the other hand, the abdomen area in obese people has lower skin temperature when compared to
normal weight people. Based on the existing studies it can be concluded that:
•

In order to model skin temperature of the hand and compare it with the experimental
data, experiments need to be defined in the way to have clear input parameters of
environmental conditions, physiological characteristics and measured metabolic rate of
obese and normal weight people.

In the second part of the paper, the development and validation of the hand thermophysiological
model were presented. Using the hand model, a sensitivity analysis was performed to analyze
the effect of input parameters on the hand temperature. Furthermore, the effect of the
physiological characteristics on hand skin temperature in obese and normal weight people was
investigated with the developed hand thermophysiological model. The hand model was used to
simulate skin temperatures in obese and normal weight people and the results were compared
with experimental data from the literature. The modelling analysis led to conclude that:
•

The developed hand thermophysiological model showed good predictability for cold,
neutral and hot environment with normal indoor clothing and office activities. The hand
temperature was predicted with a maximal deviation of 0.76 ºC. In the case of exposures
with resting activities, low clo value (only shorts) and hot ambient (30 ºC), the hand
skin temperature was predicted with the absolute deviation of 0.27. However, for the
cold and slightly cool environment (10 ºC and 20 ºC) with resting activities and low clo
value, the predictability of the model was lower with an absolute deviation of 2 ºC for
cold and 0.96 ºC for a cool environment.
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•

To achieve desirable predictability of the thermophysiological model for an isolated
body segment, the accuracy of the local inputs (the blood flow rates, evaporative heat
loss, blood temperature) has to be assured.

•

The sensitivity analysis showed that variation in skin blood flow and blood temperature
of the hand influence hand skin temperature.

•

The model showed good predictability of the hand skin temperature in obese and normal
weight people by using the higher hand blood flow and blood temperature for obese
people. The maximum deviation is 0.31 ºC when compared to the experimental data. If
the hand temperature of obese people was simulated with the same hand blood flow and
blood temperature, the model prediction would be lower with a maximum deviation of
1.56 ºC.

•

The calculations of the hand skin temperature of obese and normal weight individuals
in this study were validated with two experimental studies. As shown in this study, not
considering the physiological differences clearly introduces prediction errors. Only a
few experimental studies deal with the measurements of hand skin temperatures and
other local physiological characteristics of obese and normal weight people. Therefore,
additional experiments and data is required and should be measured in more detail.

•

Different body composition results in different regional skin temperatures. Hence, this
should be considered when modelling local skin temperatures that are later on used as
an input for thermal sensation models.
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4
Neural network based predictive
control of personalized heating
systems

This chapter has been published as:
K. Katić, R. Li, J. Verhaart, and W. Zeiler, “Neural network based predictive control of
personalized heating systems”, Energy and Buildings 174 (2018): pp. 199-213

In this chapter, we present a method based on machine learning algorithms for the generation
of predictive models for use in the control of personalized heating systems. A dynamic
recurrent nonlinear autoregressive neural network with exogenous inputs (NARX) was used
for developing the models for the prediction of personalized heating settings. The models for
subjects A and B were tested with the data that was not used in creating the neural network
(unseen data) to evaluate the accuracy of the prediction. In addition to the neural network
models, several other machine learning algorithms were tested. Furthermore, the NARX
models were on-line implemented to predict heating settings automatically.
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4.1 Introduction
Individualized conditioning systems in commercial buildings are able to provide an
improvement in the thermal comfort of occupants while reducing energy consumption [1–5].
Building occupants have a different perception of the thermal environment and what they
perceive as a comfortable environment differs due to individual differences (e.g. gender, age,
body composition) [6,7]. Previous studies showed that individuals with different body
composition react differently to the same thermal environment [8–11]. Personalized local
conditioning systems provide the option that individual users can create their own environment
based on their individual comfort requirements and preferences. The interaction of the user with
personal conditioning systems is explained in detail in the study by Verhaart et al. [12]. Personal
conditioning systems are mostly user controlled where users determine the heating or cooling
setting of the system at any given time [13].
Studies by Brager et al. [14] and Boerstra et al. [15] showed that having personal control over
the thermal environment has a positive impact on perceived comfort. In another study by
Boerstra et al. [16], it was shown that perceived control was higher in the session where
occupants had control over their desk fan, but there were no differences in perceived thermal
comfort between the sessions with control and without. On the other hand, the self-reported and
objectively measured performance was better in the session with no control [16].
The benefit of automated control in personalized conditioning systems is that it can enhance the
concentration of occupants, and prevent inefficient energy use as well as thermal sensation
overshoot [13,17]. A method for automated control of a personalized conditioning system using
control equations was introduced by Vesely et al. [13].
In commercial buildings, the most commonly used control method is still proportional-integralderivative (PID) control and on/off control [18,19]. However, recently many simulation and
experimental research showed that model predictive control (MPC) provides a higher quality of
control performance in terms of lower energy consumption while providing optimal thermal
comfort [20]. Modelling in MPC can be divided into physical-based modeling (white box) and
data-driven modeling (black box) method and the combination approach called grey box [20,21].
Artificial neural network (ANN) as a data-driven technique is a widely used method for building
energy prediction and HVAC system control [22–24].
In recent years, machine learning methods were suggested in a number of areas including the
building environment [25,26]. Machine learning algorithms are applied for predicting short-term
peak electrical demand [27], developing occupancy prediction model [28] or predicting building
energy consumption [29]. There are also studies where machine learning models such as neural
network models are applied for control of heating, ventilation and conditioning systems (HVAC)
[30–32].
A method using support vector machine classifiers was proposed by Megri and Naqa [33] to
improve the prediction of thermal comfort indices. In a study performed by Kariminia et al. [34],
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extreme learning machine approach was shown to be a good method to accurately predict
visitors’ thermal sensations in public urban places. Dai et al. [17] suggested applying the trained
predictive model to control heating and cooling systems. Zhao et al. [35] introduced a data-driven
individualized complaint model using a multi-linear-class classifier that can be used for
individual comfort control and indoor environment set-point control. Michael et al. [36] created
predictive models of core body temperature and local skin temperature by applying neural
network algorithms. A neural autoregressive network with exogenous input (NARX) model for
prediction of the indoor temperature of a residential building was developed by Mechaqrane and
Zouak [26].
Neural network modeling is often applied in the building sector as part of model-based predictive
control for HVAC systems [37]. Mustafaraj et al. [38] looked at the potential of using neural
network was investigated to predict room temperature and relative humidity for different time
scales ahead. As a follow up of this study, Mustafaraj et al. [39] proposed a neural network model
in order to predict the room temperature and relative humidity in an open office in a modern
building.
An increasing number of studies are investigating how machine learning methods can be utilized
for predicting thermal comfort needs as well as personal thermal comfort. In the study performed
by von Grabe [37], the potential of neural networks to predict the thermal sensation votes under
varying conditions was tested. Liu et al. [32] created a neural network model based on the back
propagation algorithm for evaluation of individual thermal comfort. The result showed that the
neural network model that predicts individual comfort can be an important part for control
strategy the air conditioners [32]. Chen et al. [40] presented a novel dynamic thermal sensation
(DTS) model that is used as a part of the model predictive control of HVAC systems. The model
predictive control was based on the DTS model and it was evaluated in chamber experiments
[40]. In order to determine thermal state of an occupant in a built environment, Chaudhuri et al.
[41] developed a Predicted Thermal State (PTS) model. The model was created using skin
temperature and its gradient together with machine learning classifiers (Support Vector Machine
and Extreme Learning Machine). A different approach was introduced by Lee at al. [42] where
a novel Bayesian modeling was used as a method for learning individual occupants' thermal
preferences.
Kim et al. [43] created personal comfort models using machine learning algorithm that predicts
individual’ thermal comfort responses. In the study by Kim et al. [43], for developing personal
comfort models occupants’ behavior with PCS chairs was used as an input to predict individuals'
thermal preference. Machine learning algorithms were tested to solve multiclass classification
problems of an occupant's thermal preference (‘warmer’/’no change’/’cooler’) [43].
Until now, machine learning models were successfully demonstrated in many fields as presented
earlier. However, to the best of our knowledge, there are no studies that use machine learning
methods to predict individual settings of personalized heating systems. Furthermore, there are
limited studies that focus on the on-line implementation of such predictive models. Therefore,
this paper aims is to apply a learning method for the prediction of individual models to control a
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personalized heating system. The main focus is on developing models using machine learning
algorithms that will be able to predict individual settings of the personalized heating system and
on-line implementation of created predictive models.
The remaining sections of this paper are structured as follows: Section 4.2 provides details of the
methodology which includes the method and data type collected. Section 4.2.2.2 provides details
on the predictive models that were developed using machine learning method (artificial neural
network) using the collected data. The nonlinear autoregressive neural network with exogenous
inputs (NARX) is also described in more details in this section. Section 4.4.2.3 presents a
description of other machine learning techniques that were tested and compared to NARX. In
section 4.4.2.4 on-line implementation of the predictive model is presented. In section 4.4.3 , the
results and discussion of the different machine learning algorithms to find the optimal solution
is provided as well as the results of the on-line implementation. In section 4.4, the conclusions
of this research are presented.

4.2 Methods
4.2.1 Experiment – data collection
Data collection is the first step in developing the prediction model and demonstration of the
feasibility of the machine learning model to predict the settings of the personalized heating
system. An experimental study was conducted in order to collect the data used for the learning
algorithm. Experiments were conducted in the climate chamber of Department of Built
Environment, Eindhoven University of Technology. The set-up of the climate chamber is shown
in Figure 4.1. The dimensions of the climate chamber where all tests were conducted are 3.6 x
5.7 x 2.7 m3. The outside air was conditioned by an air-handling unit and was supplied from two
positions in the room, via a slit on the top of the room and the bottom along the whole width of
the room. The air exhaust was positioned at the top of the opposite wall.
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Figure 4.1. Climate chamber set up: a) schematic view of the climate chamber b) view of the two user’s
desk in the climate chamber, c) close-up of the one desk with the slider and the chair, d) position of the
environmental measurement stand in the climate chamber

Two healthy female test subjects participated in the experiment. The test subjects were informed
about the purpose and the procedure of the experiment before the start of the tests and they signed
a consent form. Prior to the experiment, body weight, height, and 4-point skin fold measurements
were obtained to determine the body composition of each test subject. The fat percentage was
obtained according to Durnin and Womersley [44]. The basal metabolic rate (BMR) was
calculated according to Cunningham [45].
Their body characteristics and age are presented in Table 4.1. The test subjects wore typical winter
indoor clothing. During all tests, the average clothing insulation was 0.75 ± 0.03 clo for test
subject A and 0.89 ± 0.04 clo for test subject B.
Table 4.1. Anthropological characteristics of the test subjects

Test Subject

Gender

Age

Weight
(kg)

BMI

Fat percentage
(%)

BMR
(W/m2)

A

F

29

57

26.7

34.9

38.2

B

F

29

62

22.9

27.8

38.6

All the tests were performed during winter in January and February 2017. The experiment
included in total of 28 test sessions with each session lasting 4 hours. Each test subject
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participated in 14 test sessions, one test session per day. Each experimental session started with
an acclimatization period in the climate chamber of approximately 10 minutes during which test
subjects prepared their work station. The acclimatization was followed by a four-hour test in the
climate chamber. During the experimental session, the test subjects performed typical office
work on their computer. They were allowed to drink and eat during the test, and leave to use the
toilet if needed. Test subjects were encouraged to adjust the setting of personalized heating at
any time in order to be thermally comfortable.
For the experiment, a heated chair (Figure 4.2. b) was used as it has been shown to be an effective
personalized heating system in several studies [2,13,46]. Maximum power of the heated chair
was 36 W. The two heated mats were integrated under the fabric surface of the chair seat (40 x
28 cm2) and backrest (30 x 28 cm2). The heated chair was controlled by the user during the tests
with an interface (slider) as shown in Figure 4.2 a). The position of a slider related to the control
voltage between 0 V and 2 V (0% -100%). The setting of personalized heating during the tests
was logged via Labview with one second intervals.

Figure 4.2. a) Slider b) Heated chair c) Slider for on-line implementation

During all tests, air temperature, relative humidity, air speed and black globe temperature were
measured and logged every second. As shown in Figure 4.1(d), the measurement instruments
were attached to the environmental measurement stand. The attached instruments were three air
temperature sensors, three anemometers, three relative humidity sensors and a black globe
temperature sensor. The black globe was positioned at a height of 0.9 m and air temperature, air
speed, and relative humidity were measured at three heights of 0.1, 0.7 and 1.1 m.
Subjective perception of the thermal comfort, thermal sensation and their well-being during all
tests was evaluated using questionnaires via a computer app installed on the laptops that test
subjects were using. The questionnaire was a modified version of the one that was already
developed by Vesely et al. [13]. The questionnaire included questions about clothing, thermal
sensation (overall, head, back, hands and feet), thermal comfort (overall, head, back, hands and
feet), and well-being. Well-being questions include air quality and self-estimated productivity.
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To evaluate thermal comfort and thermal sensation the ASHRAE 7-point scale was used. The
well-being questions included air quality and self-estimated work performance. During the
experimental session, the questionnaire of thermal comfort and thermal sensation was filled
every 15 minutes. The questions concerning the test subjects’ well-being were filled in every one
hour. Figure 4.3 shows an example of the question tab of the questionnaire.

Figure 4.3. Questions of the head and back thermal sensation and comfort in the computer-based
questionnaire

4.2.2 Machine learning - Artificial neural network
The use of the artificial neural network (ANN) for control and optimization has been increasing
and it can be applied to both linear and nonlinear relationships between inputs and outputs [47].
For a time series prediction, the dynamic neural network is very suitable [48]. In this study, a
dynamic recurrent ANN architecture called a nonlinear AutoRegressive network with exogenous
inputs (NARX) was used for dynamic prediction of personalized heating settings. The NARX
network is a powerful modeling and validation tool that offers simplicity and flexibility of
network architecture, time series predictions, as well as fast and accurate training [49]. The
equations for the NARX model can be expressed as follows [47,50]:
𝑦𝑦(𝑡𝑡) = 𝑓𝑓[𝑦𝑦(𝑡𝑡 − 1), 𝑦𝑦(𝑡𝑡 − 2), … , 𝑦𝑦�𝑡𝑡 − 𝑛𝑛𝑦𝑦 �, 𝑢𝑢(𝑡𝑡 − 1), 𝑢𝑢(𝑡𝑡 − 2), … , 𝑦𝑦(𝑡𝑡 − 𝑛𝑛𝑢𝑢 )]
𝑢𝑢 = [𝑢𝑢1 (𝑡𝑡) … 𝑢𝑢𝑟𝑟 (𝑡𝑡)]𝑇𝑇

𝑢𝑢 = [𝑦𝑦1 (𝑡𝑡) … 𝑦𝑦𝑚𝑚 (𝑡𝑡)]𝑇𝑇

where

u =input of the network at time t,

4.1)
4.2)
4.3)
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y=output of the network at time t,
nu= input memory order,
ny = output memory order,
r = number of inputs,
m = the number outputs.
A nonlinear function f describes the behavior of the system and in the case of NARX network it
is approximated by a Multi-Layer Perceptron [49,50].
To create a personalized model that predicts settings of the personalized heating system, two
different NARX networks (for subject A and B) were created using the individual data of each
test subject collected in the experiment. The NARX networks were created using Matlab 2017a.
The experimental data for each test subject consisted of data collected during 14 test sessions.
The data that included inputs and outputs were separated into two parts. The first part consisted
of 13 sessions that were used for training, validation, and testing with the optimal NARX
architecture. The majority of data session were used for training because larger training datasets
reduce the chance of overfitting [37]. Overfitting occurs when the trained network memorized
the data used in the training and all the training points are well fitted but when the new data is
introduced the error is large [48]. Overfitting means the model is incapable of generalizing in
new situations [51]. Early stopping is a method for improving generalization and it is
automatically provided in Matlab for all of supervised network creation functions [48].
The second part represents unseen data that was independent of the other data used for training.
It consisted of a randomly selected session used to assess the performance of the trained model
predicted with the new data.
The inputs for the model were environmental conditions (air temperature, humidity, and radiant
temperature) and the output to be predicted were the setting of the personalized heating setting.
Considering practical measurements and applying the model it was desirable to minimize the
number of input features that were used to train the model. The setting of the heating system
corresponded to the control voltage of the slider between 0 V (0 %) and 2 V (100 %), where 0 V
translates to heating was off and 2 V to the maximum power of the personalized heating system.
The control voltage was used as the target of the predictive model.
The collected data was available as 14 sessions and each session lasted four hours. This means
that the data was not available in one long sequence but as several short sequences. For these
cases, to avoid discontinuity in the data, fourteen sequences of four hours were combined in a
concurrent set of sequences using the catsamples function in Matlab. The data were then
averaged for every 10 seconds, representing the setting of the heated chair every 10 seconds. The
input environmental data (air temperature, relative humidity, and radiant temperature) was
averaged for every 10 seconds as well.
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NARX network can have two different configurations, parallel and series-parallel architecture.
In the case of parallel architecture, the output of the NARX network that is estimated is fed back
to the input of the feedforward neural network [48]. Since in this study, the real output was
available during the training of the network a series-parallel architecture (open- loop form) was
created. The real output was used instead of feeding back the estimated output. In this way, a
more accurate input to the feedforward network was provided and the created network had a
complete feedforward architecture [48]. Neural networks can have a different architecture that
is defined by a number of hidden layers and hidden neurons. The example of the architecture of
the NARX neural network used in this study is shown in Figure 4.4. The network consists of the
input layer of the network that includes three input features (air temperature, humidity and
radiant temperature), a hidden layer that consisted of hidden neurons, and the output layer
includes one output target (setting of the personalized heating system) network, respectively.
During the training, the actual target values are feedback to the network.
The transfer function for hidden layers was a tangent sigmoid transfer function and for the output
layer was linear transfer function. A common procedure is to preprocess the data to ensure faster
and efficient training. The network inputs and targets were normalized and scaled so that they
fell in the range [−1,1] when the input processing function “mapminmax” in Matlab is utilized.
The trained neural network then provided outputs in the range [–1, 1]. These outputs were
reverse-processed with the same processing function back into the same units as the original
targets. The Levenberg-Marquardt back-propagation method was selected for training the
developed neural network using a training algorithm programmed in Matlab R2017a, Statistic
and Machine learning toolbox [48]. The aim of the Levenberg-Marquardt back-propagation is to
minimize the mean squared error (MSE) between the outputs of the network and the targets [36].
The training is stopped when generalization stops improving. More details on the LevenbergeMarquardt backpropagation and training parameters can be found in [48].
In this study, various configurations were tested by varying the number of hidden neurons (2, 6,
8, 10, 12, 14, 16 and 18) in order to find a network with optimal performance. Eight different
networks were created for each test subject to represent individual predictive model using
collected data. The various architectures of the neural network were investigated in order to find
an optimal one. An optimal network was generated for both individual test subjects, providing
individual predicting models.
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Figure 4.4. The architecture of the NARX for predicting settings of the personalized heating system
elements with one hidden layer that includes 12 hidden neurons, where w and b are adjustable network
parameters called weights and biases (based on [48])

The neural network was fed with training data that consisted of 1441 data points for each of the
13 sessions. This meant 18733 entry points for each individual model. To avoid overfitting a
commonly used method during training neural network models consists of randomly dividing
available data into three subsets: training, validation and test set [48]. In this case, the available
training data (13 sessions) is randomly divided as follows: 70% of the data were used for training,
15% of the data for testing and 15% of the data for validation.
The accuracy of the network was first assessed by looking into performance during training and
the accuracy of the network predictions with the unseen data. In order to optimize network
performance, a performance function was defined during training that tuned the values of the
weights and biases. The performance function was a mean squared error (MSE), which was used
to assess the performance of the neural network. MSE represents the calculated error between
outputs of the network and targets.
The performance of the created neural network model with the new unseen data was assessed
with two calculated metrics. Root mean square error (RMSE) was used to evaluate the prediction
accuracy and express average model prediction error (Eq.(4.4)), and the Pearson correlation
coefficient (PCC) was calculated to show the degree of linear correlation between the real value
and the predicted value [29].
1

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = � ∑𝑛𝑛𝑖𝑖=1(𝐴𝐴𝑖𝑖 − 𝑃𝑃𝑖𝑖 )2
𝑛𝑛

4.4)

Where n is the number of multi-steps prediction, Ai is the real value for the time-step i and Pi is
the predicted value of the model at the same time-step.
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4.2.3 Other machine learning techniques
4.2.3.1 Nonlinear autoregressive (NAR) network
The nonlinear autoregressive (NAR) network is used to predict a time series from past values.
The performance of the NAR network was investigated and compared to the NARX model. The
advantage of NAR and NARX network is that they can be fed with dynamic data in the form of
time series sets [52]. Compared to NARX that needs inputs and past outputs, the NAR model
uses the past output values of the time series to predict future values [53,54].
The expression for the NAR model can be written as follows [54]:
𝑦𝑦(𝑡𝑡) = 𝑓𝑓[𝑦𝑦(𝑡𝑡 − 1), 𝑦𝑦(𝑡𝑡 − 2), … , 𝑦𝑦(𝑡𝑡 − 𝑑𝑑)]

4.5)

The equation 4.5 describes a NAR network’s function to predict series target y(t) given d past
values of y(t) [54].
The data was used in the same manner as when the NARX model as created. The output data
that represents the output to be predicted were the setting of the personalized heating setting. For
training, validation and testing of the neural network model, 13 sessions were used. One session
was left as independent to test the trained model with the new unseen data. With the NAR we
created and compared two different trained models for each individual. The first one that will be
referred to as NAR_1 was fed with the data averaged every 10 seconds as in NARX models. The
second model that will be referred NAR_2 was fed with the data averaged every five minutes.
The summary of the characteristics of the models can be seen in Table 4.2.

Table 4.2. Features of the neural network models

Characteristics
Inputs

Outputs (Targets)

Data
Evaluation metrics

NARX
Air temperature
Humidity
Radiant temperature
Setting (intensity) of
the personalized
heating system
Averaged every 10
seconds
MSE, RMSE, PCC

NAR_1
-

NAR_2
-

Setting (intensity) of
the personalized
heating system
Averaged every 10
seconds
MSE, RMSE, PCC

Setting (intensity) of
the personalized
heating system
Averaged every 5
minutes
MSE, RMSE, PCC

As in the NARX model, for the NAR network the Levenberg-Marquardt backpropagation
procedure was implemented. The data was prepared in the same manner as previously described
for the NARX model and was randomly divided as follows: 70% of the data were used for
training, 15% of the data for testing and 15% of the data for validation. Randomly dividing
available data into three subsets: training, validation and test set is commonly used to avoid
overfitting [48]. Six configurations were tested by varying the number of hidden neurons (8, 10,
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12, 14, 16 and 18) and were compared with the best-performed configuration of the NARX
model.

4.2.3.2 Regression techniques for machine learning
In this paper so far neural network algorithms (NARX and NAR) were tested; however, there is
a wide variety of algorithms in machine learning. Furthermore, four different machine learning
algorithms that aim to solve the regression problem will be tested and compared. Since the aim
is to predict settings of the personalized heating chair that is a real value output, the learning
problem is considered a regression problem. The selected regression techniques tested are:
Support Vector Regression (SVR), Gaussian process regression (GPR), Bagged trees and
Boosted trees.
The main idea behind the ensemble algorithms is to combine “weak” learners and their strengths
in order to create higher-performance ensemble model [55,56]. Bagging and boosting are main
techniques that are part of an ensemble together with the basic learner [55]. More information
about bagging and boosting methods can be found in [57]. Two ensemble methods for regression
were tested in this study. Boosted trees that consist of the least squares boosting (LSBoost)
procedure together with decision trees [56]. The other procedure is bagged trees that use the
bagging technique with decision trees [56].
Support vector machine (SVM) analysis is a popular machine learning method that can be
applied for classification and regression [56,58–60]. The idea behind the SVM to find an optimal
separating hyperplane with a maximum margin [58]. SVM regression depends on kernel function
and is considered a nonparametric technique [56]. Support vector regression (SVR) is an efficient
method that is used for regression problems. In this study, Matlab 2017a regression learner was
used to test SVR that implements linear epsilon-insensitive SVM (ε-SVM) regression. The εinsensitive loss function is representing training error [56].
Gaussian process regression (GPR) is a nonparametric probabilistic learning method based on
kernel function [56,61]. The Gaussian process aims to describe the distribution of the unknown
target function that is characterized by its mean function and kernel (covariance) [62,63]. In this
study, four different common covariance functions [56] were tested. The settings and features of
tested algorithms are presented in Table 4.3.
10-fold cross-validation was used to randomly split the data into training and test sets to estimate
the predictive performance of a model. The data used for training contained 13 sessions and one
session was left as independent to test the model with the unknown data. The data were averaged
every 10 seconds. The performance of the models was evaluated in the same manner as previous
algorithms. In order to use regression to predict time series, time-based feature (seconds) was
used as an input (predictors) together with three other inputs (air temperature, radiant
temperature and humidity).
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Table 4.3. Characteristics and settings of tested algorithms

Algorithm

SVM

Kernel
function

Characteristics

Individual
Model A

Individual
Model B

Kernel scale

0.5

0.5

Box constrain

1.4

0.712

ε-insensitive loss

0.04

0.071

Kernel scale

1

1

Box constrain

1.4

1.712

ε-insensitive loss

0.04

0.071

Kernel scale

7

8

Box constrain

1.4

1.712

ε-insensitive loss

0.04

0.071

Rational Quadratic
(GPR_RQ)

Kernel scale

1040

1000

Kernel sigma

0.260

0.365

Squared Exponential
(GPR_SE)

Kernel scale

1040

1000

Kernel sigma

0.260

0.365

Matern 5/2

Kernel scale

1040

1000

(GPR_M)

Kernel sigma

0.260

0.365

Exponential
(PPR_E)

Kernel scale

1040

1000

Kernel sigma

0.260

0.365

Minimum leaf size

8

8

Learning rate

0.1

0.3

Number of
learners

80

70

Minimum leaf size

8

8

Number of
learners

60

30

Fine Gaussian
(SVR_FG)

Medium Gaussian
(SVR_MG)

Coarse Gaussian
(SVR_CG)

GPR

Kernel
function

Boosted trees

Bagged trees
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4.2.4 On-line implementation of the predictive model
The validation of the predictive model accuracy and automatic control effects were evaluated in
the on-line implementation. Experiments were conducted in order to test the predictive model in
real time with tests subjects in November and December 2017. For the on-line implementation
LabVIEW in connection with Matlab was used as shown in Figure 4.5.

Figure 4.5. General control framework

The same test subjects (A and B) participated in on-line testing. The average clothing insulation
during these series of test was 0.72 ± 0.05 clo for test subject A and 0.92 ± 0 clo for test subject
B. The on-line validation of the predictive model consisted of 12 tests, each test subject
participated in 6 tests. During 3 test the settings were predicted with the model and the test
subjects could not change the settings. After that, 3 tests were performed with combined control.
This meant test subject could overrule predictive control if they wanted a different setting. When
they moved the right side of the slider [Figure 4.2 c)] the system would take into account the
new setting provided by the test subject. When they moved the right side of the slider to 0, the
predictive control would take over without taking the user input into account
The setting of personalized heating during the tests was predicted every 10 seconds. During the
tests, the test subjects could see the predicted setting of the heated chair on the left side of the
interface (Figure 4.2 c). The settings of a slider corresponded to the control voltage between 0 V
and 2 V (0% -100%).
Thermal environmental data were measured and logged in the same manner as in the experiments
during data collection described in section 4.1. Test subjects answered the same questionnaire
every 15 minutes during the test sessions.
A selected predictive model for test subject A was the one with 12 hidden neurons and for test
subject B the model with 16 nodes. These models showed the best results in off-line validation
as showed in section 4.3.
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4.3 Results and discussion
4.3.1 Experiment results-data collection
The indoor environment during all tests had an average air temperature of 20.1 ± 0.03 °C, the
relative humidity of 36 ± 1% and radiant temperature of 20.5 ± 0.03 °C. The average air speed
in the occupied zone during all tests was maintained below 0.2 m/s.
The user control inputs for the heating personalized system during 14 sessions for two test
subjects are shown in Figure 4.6 and Figure 4.7. The figures show the hourly distribution of
average, maximum and minimum user settings of all 14 test sessions Subject A during all 14
sessions never used the heating in the first 15 minutes. Subject B, the user never used heating in
the first 46 minutes in any of the tests. After starting to use the heating, the setting increase during
the test period and tend to stabilize towards the end of the test session. For subject B the highest
heating setting used was 74% of the maximum. Test subject A for a brief moment used a heating
setting of 83.5% of the maximum. The number of interactions with the slider per test was
2.6±1.02 for subject A and 3.07±1.03 for subject B.

Figure 4.6. Settings of the personalized heating system collected during 14 sessions (days) for test subject
A
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Figure 4.7. Settings of the personalized heating system collected during 14 sessions (days) for test subject
B

4.3.2 Modeling results
4.3.2.1 Neural network NARX
Table 4.4 shows the results of different networks with a varying number of hidden neurons for
individual model A and B. Table 4.4 shows the network performance during training (MSE is
taken as the network performance). A low MSE of the algorithm indicates good training. If the
predicted values are very close to the true values the MSE will be small. In case that the predicted
and true responses differ substantially, the MSE values will be large [64]. The values of MSE <
0.001 are described as acceptable in [49], and in this study the models with values of MSE closer
to 0 are considered to have good performance. Significant improvement in accuracy and
performance was observed in models with a higher number of hidden neurons.
Table 4.4. Performance of the created network with a different number of hidden neurons and the evaluation
of the created networks to predict using the new unseen data for the test subject A and B

INDIVIDUAL MODEL A
Performance of the trained network
Hidden
2
6
8
10
12
neurons
Network
performance 0.0138 0.0026 0.0011 0.0006 0.00029
(MSE)
Evaluation of the trained network with the unseen data
0.326
0.096
0.148
0.057
0.043
RMSE
0.889
0.972
0.946
0.986
0.994
PCC

14

16

18

0.00029

0.00028

0.00026

0.071
0.986

0.060
0.991

0.078
0.983
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INDIVIDUAL MODEL B
Performance of the trained network
Hidden
2
6
8
10
12
neurons
Network
performance 0.0148 0.0036 0.0018 0.0009 0.0004
(MSE)
Evaluation of the trained network with the unseen data
0.335
0.299
0.242
0.240
0.082
RMSE
0.855
0.877
0.920
0.922
0.990
PCC
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14

16

18

0.0003

0.0002

0.0003

0.118
0.982

0.049
0.996

0.092
0.989

This initial assessment showed that for both test subjects, the individual neural network with a
higher number of hidden nodes showed the best performance. One thing that should also be
considered is overfitting. Figure 4.8 shows performance plot of the neural network with 12
hidden neurons for the individual model A. Figure 4.9 shows performance plot of the neural
network with 16 hidden neurons for the individual model B. In the performance plot it can be
seen at which iteration (epoch) the best validation performance was achieved and the training
stops if the validation performance does not improve in 6 additional iterations. The sign of
overfitting is that in the performance plot the test MSE increases significantly before the
validation MSE increases. As it can be seen, both Figure 4.8 and Figure 4.9 do not show any
major problems with the training since the validation and test curves are very similar. For all
created network the performance plots were evaluated to ensure that overfitting did not occur.

Figure 4.8. Training performance of the neural network with 12 hidden neurons for individual model A
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Figure 4.9. Training performance of the neural network with 16 hidden neurons for individual model B

The results of the evaluation of how the trained network predicts with the unseen data are shown
in Table 4.4. The neural networks with lower performance (lower number of hidden neurons)
showed a lower ability to accurately predict with new unseen data. In the case of a model with a
higher number of hidden neurons (10 to 18), RMSE values showed a good agreement between
the measurements and the model predicted values for both models (A and B). The lower RMSE
values (zero being the best possible result) the better agreement is between the real values and
the model estimated values [65]. The best performances were shown for a neural network with
12 and 16 hidden neurons. In addition, the good prediction accuracy was confirmed with
correlation coefficient PCC that was in these cases larger than 0.90. The Pearson correlation
coefficient can result in values within the range [−1, 1]. Values close to zero demonstrate that
there is no relationship between the predicted and the real numbers. The positive or negative
relationship is defined with the sign of the correlation coefficient [66]. Values close to 1 present
strong relationship in case of few pairs in data, and in case of a large amount of data pairs values
closer to 0 can still be considered statistically significant [29]. It is stated in [37] that correlation
coefficient values above 0.90 demonstrate a high level of prediction and acceptable quality of
the results. In this study, the selection of the optimal models included the model that has PCC
value closer to 1.
The high correlation coefficient in cases with networks with a higher number of hidden neurons
for both individual models indicates that the developed predictive model is capable of describing
the behavior of the targets with good accuracy.
For model A, the optimal network that provided the best results was the network with 12 hidden
neurons with RMSE=0.043 and PCC=0.994. The best result for model B was obtained with a
neural network with 16 hidden neurons with RMSE=0.049 and PCC=0.966.
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Figure 4.10. Prediction error for the neural network model during the four-hour session for test subject A
(model with 12 hidden nodes) and test subject B (model with 16 hidden nodes)

Figure 4.10 represents absolute error between predictions and unseen data obtained with the best
NARX model for test subject A and B. The NARX model for test subject A achieved a mean
absolute error of 0.032 which corresponds to 1.6% of maximum value and for test subject B
0.029 which corresponds to 1.45% of maximum value, respectively.
The results of the best correlation coefficient are shown in Figure 4.11 and these values were
comparable to the results in [26], where the correlation coefficient was equal to 0.997 (obtained
with the NARX model).

Figure 4.11. A comparison between the unseen target data against the predicted personalized heating
settings: left- test subject A model with 12 nodes and right- test subject B model with 16 nodes
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4.3.2.2 Nonlinear autoregressive (NAR) network
The model that used NAR algorithm and averaged data of 10 seconds (NAR_1) showed average
MSE for all tested architectures (number of hidden nodes) of 0.0005 for model A and 0.0006 for
model B. In case of NAR algorithm with averaged data of 5 minutes (NAR_2) the averaged MSE
calculated is 0.0116 for model A and 0.008 for model B. These values are slightly higher than
the best values obtained with the NARX model. Figure 4.12 shows RMSE values obtained with
NAR_1 and NAR_2 models in comparison to the best values obtained with the NARX model
for individual A and B. The RMSE values represent the prediction accuracy of the models with
the new unseen data. For both individual models, NAR_2 results in average lower RMSE values
obtained with the NAR_2 model. Furthermore, when compared to the best results with NARX
models for both individuals NARX network showed better results.

Figure 4.12. RMSE values for three different models using the neural network with a different number of
nodes

4.3.2.3 Regression techniques for machine learning
Table 4.5 summarizes all the results obtained with regression algorithms. The prediction
accuracy of the models with the new unseen data is expressed with RMSE and PCC. The lower
values of RMSE that evaluate the prediction accuracy and ability to predict with minimum
average error show better performance. In the case of the individual model A, the best
performance was obtained with the SVR with the coarse Gaussian function with RMSE equal to
0.175. This result is still showing lower prediction abilities when compared with the best results
obtained with NARX. Gaussian process regression with Matern 5/2 kernel function showed the
best performance with RMSE equal to 0.319 for model B. However, compared to the best results
obtained with the NARX model it is showing lower performance.
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Table 4.5. Performance of the models using regression algorithms

Individual model A
Regression
Algorithm

Network
performance

SVR-FG
SVR-MG
SVR-CG
Bagged trees
Boosted trees
GPR-E
GPR-M
GPR-SQ
GPR-RQ

MSE
0,02
0,02
0,06
0,01
0,03
0,02
0,01
0,02
0,01

The
performance
with the
unseen data
RMSE PCC
0,336
0,604
0,334
0,687
0,175
0,865
0,286
0,737
0,221
0,858
0,320
0,670
0,318
0,693
0,308
0,746
0,304
0,740

Individual model B
The
Network
performance
performance with the
unseen data
MSE
RMSE PCC
0,02
0,394
0,613
0,03
0,340
0,767
0,08
0,362
0,817
0,01
0,334
0,809
0,03
0,445
0,717
0,06
0,327
0,803
0,02
0,319
0,798
0,02
0,328
0,773
0,01
0,323
0,805

4.3.3 On-line implementation results
During the on-line tests, the indoor environment had an average air temperature of 20.1 ± 0.08°C,
the relative humidity of 36 ± 1.4% and radiant temperature of 20.2 ± 0.09 °C. The average air
speed in the occupied zone during all tests was maintained under 0.2 m/s.
As mentioned, there were six tests for each test subject where in three tests it was automatic
control and in three the test subject could overwrite the automatic control if the preferred
different setting. Both test subjects did not overwrite the predicted settings at any moment of the
test. Not interfering with the predicted settings was also reflected in the thermal comfort votes.
Average overall thermal comfort over the whole session is shown in Figure 4.13. It can be seen
that in both modes of control both test subjects felt comfortable throughout the test. There was a
slight increase in comfort in tests with predictive control. For subject B average overall comfort
votes were 3.86 ± 0.49 in user control mode and 4.88 ± 0.22 in predictive control mode. Average
overall comfort votes of subject A were 0.91 ± 0.33 in user control mode and 1.77 ± 0.45 in
predictive control mode. This suggests that the user control and predicted control provided the
same level of thermal comfort under given environmental conditions.
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Figure 4.13. Average overall thermal comfort over the whole session

The same trend was seen in local thermal comfort, where the increase can be seen in local
comfort votes between control modes in both test subject. The local thermal comfort of the head,
the back, the hands, and the feet after 1 hour and at the end of the session are shown in Figure
4.14. Both control modes provided a similar level of comfort for each subject, with a slight
increase in comfort vote on a scale in favor of predictive control mode for every investigated
body part.
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Figure 4.14. Local thermal comfort during user control (UC) and predictive control (PC): a) for subject A
after 1h, b) for subject A at the end of the session, c) for subject B after 1h, d) for subject B at the end of
the session

User control settings of fourteen sessions and predicted settings during predictive control mode
are shown in Figure 4.15. The predicted settings during tests with subject A increased at the
beginning of the session and tended to stabilize from the middle of the test towards the end of
the test session. The predicted settings had only for a brief moment after 75 minutes of the test a
higher value of 1% of the maximum possible setting than the maximum value in the user control
tests. The predicted settings of subject B increased during the whole session, but remained in the
same range as the user controlled settings except during six minutes in the third hour of the
session when the predicted value went slightly below the minimum (less than 1% of difference)
of tests with user control settings.
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Figure 4.15. User control and predicted settings for a) subject A and b) subject B

In the test cases, when personalized heating was user controlled, the settings remained stable
over the last 30 min of the session. Energy consumption of the personalized chair is shown in
Figure 4.16. The two tested control modes for subject A sessions showed average energy
consumption of 22.8 ± 8.7 Wh in user control mode and 25.8 ± 2.3 Wh in predictive control
mode. The average energy consumption of subject B sessions was 15.8 ± 10.1 Wh in user control
mode and 13.2 ± 0.9 Wh in predictive control mode.
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Figure 4.16. Maximum, minimum and average consumption during user control and average energy
consumption during predictive control

It is important to mention that the test subjects expressed their satisfaction with automatic control
and commented that their self-evaluated performance was higher in the tests with automatic
control in comparison with the user control. They expressed they could focus more on their work
tasks.
An artificial neural network is a powerful data-driven method that is able to deal with linear and
nonlinear characteristics. However, the limitation of black box models is that the user cannot
interpret the physical meaning and to know how learning from input data was performed. The
main advantage of the models is that it is learning individual settings, therefore the gender, age
or BMI are implicitly included in the model since each predictive model was trained using data
collected from a specific person. The model inputs at the moment only include environmental
data, and the information on clothing and activity level (metabolic rate) that also influence
thermal state is not included as an input but was taken as a fixed condition. In the performed
experiment the test subjects were wearing clothing of similar insulation grade during all sessions
and were performing their usual office activities. In a normal office environment, it is expected
that the people maintain a similar clothing level during the heating season and perform similar
activities. Furthermore, the used inputs are considered in the model for practical reasons and online implementation in a real office environment as they are easily implemented in climate
control systems.
The approach of multiple tests for each subject instead of a large number of subjects that
participate in a single test was done to be able to create a specific individual model, not a model
for the average person. The personalized model is used for personal control of the personalized
heating system and is a necessary step before considering multi-person modeling. The first step
in this methodology is to be able to predict the settings of each individual. Based on this method
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if we have more people sitting in the open office space in their permanent spot, their individual
models can be created by collecting the data in the first few days when they use their personalized
conditioning system. The next step would be developing grey-box models that could be used for
multi-person cases that would be categorized by their physiological differences as age, BMI,
gender. In addition, with the future development of the wearable sensor, skin temperature could
be used as a real-time input for the predictive model.
Keeping in mind that more experiment is needed, the impact of a number of training data sets
was also investigated by training the models in order to see if the size of the dataset could be
reduced that would reduce the time and resources for collecting the data. The training was done
with 3, 5 and 8 sessions. It was found that all model training with three and five sessions of data
and different architecture often resulted in signs of overfitting in the performance plots. This was
expected because a small dataset has higher possibility to result in overfitting. We also found
that the results with the eight days dataset resulted in a similar trend as training with thirteen
sessions dataset (average RMSE=0.067 and PCC=0.982 for model A; average RMSE=0.099 and
PCC=0.979). This could be helpful when performing future experiments for different individuals
and would ensure a shorter period of data collecting. As overfitting can be a serious issue in case
of the limited amount or missing data there are few approaches that can be taken. The best case
scenario is to get more data if possible for each individual. The other steps that can be taken are
to test the generalization of different algorithms (different models) and its ability to handle
unseen data. In this study, several algorithms were tested with the unseen data and the
performance of each was compared. Another step that could be considered in cases with limited
data as presented in Jin et al. [67] is to adopt other machine learning techniques such as transfer
learning.
There are limitations in this study that should be noted for future work. The first limitation is that
the tests were performed in a uniform thermal environment. In the real office, indoor conditions
vary more during the day. Unlike the HVAC system that aims to create a uniform environment
in the whole space for a large group, PCS aims to condition the space around individual
occupants by exposing them to non-uniform and non-steady-state conditions [13,68]. This leads
to a necessity to research comfort under the effect of combined methods of conditioning [68].
There is a lack of studies that are predicting settings of personalized heating systems, and to our
knowledge, there are no studies with implementing their predictive models into automatic
control. Therefore, the approach of testing this methodology in a more controlled environment
in a climate chamber was determined as a first step. This approach gave us information on how
the preferable heating settings for each test subject changed with time even though the indoor
conditions did not change. One of the main aims was to test if the user interaction can be
substituted with predictive control. The results of comfort feedback of the occupants showed it
can, however, it has to be noted that the test presented in this study were performed only at ± 20
°C air temperature. For future work, it is recommended to further investigate and test over a
wider range of environmental conditions including the transient conditions during the testing
day. The other limitation is the size of the tested occupants. This study presents the whole
procedure of collecting the data, developing the predictive models and implementing the models
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in automatic control. The focus is on individual models and not a model for an average person.
We recommend testing more people in a field study where it is possible to test more subject at
the same time. The climate chamber study has the advantage of greater control of irrelevant
variables, however testing multiple test subjects takes more time. The results that are obtained
in controlled experiments in a climate chamber result in new approaches and methodologies that
should be investigated in the field. As Parsons [69] noted, climate chamber experiments and field
studies should complement each other. Furthermore, on-line learning in the real office that can
capture new patterns in the data and update the model should be considered as future research.

4.4 Conclusion
In this paper, we demonstrated how to use machine learning can be successfully used for the
control of personalized heating systems. Individual predictive models were developed using
artificial neural network algorithm and validated with the offline analysis and the on-line
implementation. Neural networks were trained and tested using collected data from two
individuals. Data was collected during four-hour experiments for 14 days in a mild cool
environment. NARXs were created that represent individual models for each test subject. The
neural network was trained with Levenberg-Marquardt back-propagation algorithm and various
architectures were tested. The analysis showed that the networks with a higher number of hidden
neurons (10-18) have better performance. The predictability of the developed models was
evaluated with new unseen data. For test subject A the best results were obtained with a neural
network with 12 hidden neurons: RMSE=0.043 and PCC=0.994. For test subject B, the best
results were yielded with a neural network with 16 nodes: RMSE=0.049 and PCC=0.996. These
models were then used in the on-line implementation where extra six tests were performed for
both test subjects. In addition, other algorithms were tested including NAR and regression
algorithms (SVR, GPR, Bagged and Boosted trees). Even though the performance of these
models tested with the unseen data was satisfying, the best results obtained with the NARX
model showed unmatched performance. Among all algorithms, it was noticed that Gaussian
process regression requires the most time to finish the training process.
The first contribution of this study is the demonstration of using learning algorithms to directly
predict individual settings of the heating chair. The second contribution is the implementation of
predictive models in automatic control of the heating chair and the online testing. The model
validation and the on-line implementation showed that the developed predictive models are
accurate to predict individual setting of the personalized heating system and the model can
provide a quality substitute for user’s control. The predictive control provided a slightly better
level of thermal comfort and resulted in similar power consumption when compared to user
control. Furthermore, it is important to emphasize that these individual predictive models are
valid for environmental conditions similar to the test conditions.
.
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5
A comparison of different machine
learning algorithms applied to a
prediction of personal overall
thermal comfort
This chapter has been submitted as:
K. Katić, R. Li, and W. Zeiler, “A comparison of different machine learning algorithms applied
to a prediction of personal overall thermal comfort”, Submitted (2018)
In this chapter it is explored if the thermal comfort of individuals could be predicted using
machine learning algorithms while relaying on the set of collected inputs from an experiment.
The model was developed using experimental data including collected from a previously
performed experiment in the climate chamber. Two different approaches based on the output
data (thermal sensation and thermal comfort votes) and two different sets of input variables
were explored. The algorithms tested were Support Vector Machine with four different Kernel
functions (Linear, Quadratic, Cubic and Gaussian) and Ensemble Algorithms (Boosted trees,
Bagged trees and RUSBoosted trees). The combination of occupants' heating behavior with a
personal comfort system (PCS), skin temperatures, time and environmental data were used
for the development of personal comfort models to predict individuals' thermal preference.
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5.1 Introduction
The primary role of buildings is to protect their occupants against outside conditions and provide
a comfortable and healthy environment. Heating, ventilation and conditioning systems that are
responsible for creating a thermally comfortable environment is accountable for 50% energy
consumption in the building sector [1]. Despite this large energy consumption, a higher level of
occupants satisfaction (80%) with the thermal environment is achieved only in 11% of buildings
[2]. Most applied models for thermal comfort in the building design process are a predictive
mean vote (PMV) [3] and the adaptive models [4–6]. These models are based on the average
person that reflects in their lower performance especially when predicting individual thermal
comfort [7,8]. Due to individual differences (e.g. age, gender, body composition) thermal
comfort is perceived differently by occupants in buildings [9,10]. It is shown that in the same
environment individuals with different body composition respond differently and there is a
relationship between body composition and hand skin temperature [7,11–13].
Since the above-mentioned comfort models depend on a specific set of inputs, they are not
adaptable and do not show good performance in case of predicting individual comfort [14].
Therefore, research moved towards personal comfort models which aim to predict comfort need
of an individual occupant in a building. The relevance of personal comfort models is that they
use the information on specific individual comfort needs and predict the set of conditions that
would be satisfactory for occupants [6,14]. This information can be used to optimize control of
personalized conditioning system. The individual comfort needs and necessity to reduce energy
consumption led to personalized conditioning systems (PCS) which can ensure an improvement
in the thermal comfort while reducing energy consumption in buildings [15–18].
Recently, there is increasing interest in individual comfort and there have been studies that focus
on developing personal comfort models based on data from comfort survey of individual
occupants [6,8,19–22]. These studies depend on sufficient feedback in order to be able to develop
models that have a good performance on individual perceived comfort. It is pointed out by the
research from Kim et al. [6] that using occupants’ interaction with thermal devices, such as
personalized conditioning systems, as input ensures additional data that can be beneficial for
developing personal thermal comfort models.
Machine learning methods are increasingly utilized in thermal comfort studies [23-28]. In order
to improve the prediction of thermal comfort indices, support vector machine classifiers were
chosen as the modeling approach by Megri and Naqa [23]. Kariminia et al. [24] proposed
extreme learning machine algorithms to prediction models thermal sensations in public urban
places. A study performed by von Grabe [25] showed how neural network was utilized to predict
thermal sensation votes. Lee at al. [26] introduced Bayesian modeling for prediction of individual
occupants' thermal preferences. Another individual approach was presented by Zhao et al. [27]
which introduced multi-linear-class classifier that is a core of individualized complaint model
created for individual comfort control and indoor environment set-point control. Neural network
algorithm was used in the study by Liu et al. [22] with the aim to evaluate individual thermal
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comfort. One of the important parameters in human thermoregulation that directly influences
occupants’ thermal comfort is skin temperature [28]. Therefore, Dai et al. [2] evaluated Support
Vector Machine predictive model to control heating and cooling systems using skin temperatures
as an input. Chaudhuri et al. [28] developed a Predicted Thermal State (PTS) model with machine
learning classifiers using skin temperature and its gradient together as inputs. Wu et al. [29]
introduced Bagging approach for developing predictive models for thermal perception
prediction.
Only a limited number of studies used data from occupants’ interaction with personalized
conditioning systems and skin temperatures as input for personal comfort models. Either
personalized conditioning settings were used in combination with other inputs or skin
temperature. The combination of these inputs together was not tested to the best of our
knowledge. Therefore, the aim of this study is to present an approach for developing personal
comfort models using machine learning algorithms in order to contribute to a recent increase in
research on personal comfort. Two different approaches were tested based on the output data, in
one approach thermal sensation votes were used and in other thermal comfort votes. The
additional contribution of this research is to present and evaluate a new combination of
parameters that could affect personal comfort that is skin temperatures, settings of PSC and time.
The performance of several machine learning algorithms will be compared, including Support
Vector Machine and Ensemble methods. Furthermore, the personalized models with the best
performance were tested with new unseen data that was not used in the training and development
of the models.

5.2 Methods
5.2.1 Dataset
The data from the experimental study performed by Katic et al. [30] was used for the
development of the personalized models. The study was focused on the control of the
personalized heating system. Main aims of the study were to apply a machine learning technique
for the prediction of individual models to control a personalized heating system. Data based
models were developed using machine learning algorithms that predict individual settings of the
personalized heating system [30]. All conducted experiments in the climate chamber took place
in the Department of Built Environment, Eindhoven University of Technology. The experiments
were performed during winter in January, February, November and December 2017, and the
personalized heating system used was a heated chair. The dataset collected in this study include:
• thermal comfort votes and thermal sensation votes every 15 minutes during the four-hour
session via a questionnaire app on the computer
•

environmental data (air temperature, humidity and radiant temperature)
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•

clothing ensembles (clo)

•

heating settings of the personalized heating chair (0-2 volts)

•

skin temperatures (°C)

Each test subject had 14 days of test and each test lasted for 4 hours. The thermal comfort and
sensation votes were collected every 15 minutes. Settings of the personalized heating system and
environmental data were recorded at 1-second intervals and skin temperatures were obtained
every one minute. More detailed information on measurements can be found in the study by
Katic et al. [30].
In order to create individual models, the data was pre-processed. Since the thermal preference
votes data was at intervals of 15 minutes the rest of the inputs were matched to 15 minutes
interval as well. Calculation of the mean skin temperature was done according to Hardy and
Dubio’s 7-point method [31,32]. An example of the recorded settings of personalized heating,
environmental data and skin temperature data can be seen in Figure 5.1 and Figure 5.2.
Data on thermal preference was merged with heated chair settings data, skin temperatures and
environmental data based on the time of the experiment at 15-minute intervals for each subject.
Time input corresponded as well to 15 minutes interval from the start of the tests until the end
(0 to 240 minutes). The final dataset consists of 238 entry points for each individual model. Total
of 7 input features were used in overall thermal comfort predictions.

Figure 5.1. Example of the environmental data and settings of personalized heating of a subject during one
test session
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Figure 5.2. Example of the skin temperature measurement of a subject during one test session

Two approaches were used to obtain the output variable. In one, thermal sensation votes were
used to describe occupants’ thermal preference. This approach was used as well in research
performed by Dai et al. [2]. The sensation scale is according to the ASHRAE 7-point scale, (3“hot”,2-“warm”,1-“slightly warm”,0-“neutral”, -1-“slightly cool”, -2-“cool”, -3- “cold”). Data
were classified into 3 groups based on the thermal sensation votes (TSV): -1-heating demand
(TSV < -0.5), 0-neutral (-0.5 <TSV< 0.5) and 1-cooling demand (TSV>0.5).
The second approach was developed based on the conclusions made in Dear and Brager [33] that
people prefer to feel cooler than neutral in warm seasons (climates), and warmer than neutral in
cold seasons (climates). It was taken into consideration that in this instance there is only heating
demand (personalized heating chair). Therefore, in this approach, thermal comfort votes were
used to form an output variable that describes the occupants’ thermal preference. The thermal
comfort scale is (“5-“clearly comfortable”,0-“just comfortable/just uncomfortable”,-5-“clearly
uncomfortable”). Data were classified into 3 groups based on the thermal comfort votes (TCV):
-1-heating demand (TCV < -0.5), 0-slightly heating demand (-0.5 <TCV< 0.5) and 1-no change
(TCV>0.5).
The details of input and output variables in both approaches used are shown in Figure 5.3.
Besides the two approaches that are used based on different output data, also two different input
features groups were used as input parameters to test the influence of different input variables.
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Figure 5.3. Input and output features used for personal overall comfort models

To assess the performance of the best performing models with the unseen data, data from one
test session was selected from the on-line implementation experiments performed in the same
study by Katic et al. [30]. This data was independent of the other data used for training and
developing the models. The data was pre-processed in the same manner as the data used for
developing the models.

5.2.2 Machine learning algorithms
In this study, to create personal comfort models machine learning algorithms were used to solve
the multiclass classification problem. Questionnaire responses of thermal comfort and sensation
are used to predict personal thermal comfort. For each model, the limitation is the size of the
data for each model that is collected by questioners per occupant. The classification training was
performed in MATLAB 2017a. The selected classification techniques tested are Support Vector
Machine (with Linear, Quadratic, Cubic and Gaussian kernel) and Ensemble Algorithms
(Bagged trees, Boosted trees and RUSBoosted trees). In the continuing sections, selected
machine learning algorithms are described.

5.2.2.1 Support vector machine
A machine learning algorithm that is often applied to solve classification and regression
problems is Support Vector Machine (SVM) [34–37]. The SVM algorithm works in the way that
the main goal is to find an optimal separating hyperplane with a maximum margin [34]. The
challenges in using the SVM algorithm is to select a proper kernel function. Therefore, the
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performance of linear, quadratic, cubic and Gaussian kernels was compared. For data with two
classes “One-vs-One” method was used that trains one learner for each pair of classes. For data
with three classes, the multiclass method “One-vs-All” was used to train one learner for each
class. In this study, Matlab 2017a classification learner was used to test SVM [35].

5.2.2.2 Ensemble algorithm
Ensemble algorithms are aimed to combine “weak” learners into a set of classifiers to construct
a higher-performance ensemble model [35,38]. The main ensemble techniques are bagging and
boosting that construct ensemble together with the basic learner [38]. In this work, three different
ensemble algorithms were tested and compared:
•

RUSBoost trees (RUSBoost, with Decision Tree)

•

Boosted trees (AdaBoost with Decision tree)

•

Bagged trees (Random Forest Bag with Decision Tree)

Originally designed for classification, “boosting” is considered a powerful method in the
machine learning world [34]. The idea behind “boosting” is to combine weak learners into one
powerful classifier. The weak classifier is applied to the re-modified versions of the data
constructing sequence of learners. The final prediction is obtained by combining the prediction
of each weak learner [34,39]. There are several boosting algorithms. A sampling boosting
algorithm called RUSBoosted algorithm is recommended for data that has many more
observations of one class compared to other classes in the dataset [35]. The ensemble algorithm
used is RUSBoosted trees that combine RUSBoosted algorithm with decision trees [35]. Bagging
or bootstrap aggregating is a second traditional method used to create an ensemble algorithm and
it was introduced by Breiman [40]. Boosted trees that were evaluated consists of the AdaBoost
procedure together with decision trees [35]. AdaBoost is a learning boosting algorithm that is
commonly used in ensemble models that rarely overfits and it can improve the classification
performance of weak learners [41]. The other procedure is bagged trees that use the bagging
technique with decision trees [35]. Further detailed information on bagging and boosting
methods can be found in [42].
As mentioned above the basic learner that was used is decision trees. Decision trees are a learning
algorithm that can be used for classification and regression problems [43]. This method
resembles a tree where the leaf node contains the response (decision), and internal nodes
represent a test [44]. The settings and features of all tested algorithms are presented in Table 5.1.
The table shows different settings for individual model A and individual model B. Individual
model A is referred to personal comfort model for test subject A, and in the same manner,
individual model B is personal comfort model for test subject B.
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Table 5.1.Characteristics and settings of tested algorithms

Algorithm

SVM

Kernel
function

Characteristics

Individual
Model A

Individual
Model B
Approach
1
1

Approach
2
1

Linear
(SVM_L)

Kernel scale

Approach
1 and 2
1

Box constrain

1

1

1

Quadratic
(SVM_Q)
Cubic
(SVM_C)

Kernel scale
Box constrain
Kernel scale

4
1
6

2
1
1

2
1
2

Box constrain

1

1

1

Gaussian
(SVM_G)

Kernel scale

4.66

4.66

3.66

Box constrain

1

1

1

Maximum
number of
splits
Learning rate

20

5

10

0.1

0.1

0.1

Number of
learners

30

30

50

Maximum
number of
splits

237

217

237

Number of
learners

30

30

30

Maximum
number of
splits
Learning rate

20

20

20

0.1

0.1

0.1

Number of
learners

30

30

30

Boosted trees

Bagged trees

RUSBoosted Trees

5.2.2.3 Performance
A 10-fold cross-validation was performed to avoid overfitting by dividing the data into folds and
estimating the accuracy on each fold. The model's performance on new data compared to the
training data was estimated with the validation accuracy score. In the case of cross-validation,
the overall accuracy was obtained by counting each observation when it was in the held-out fold.
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Validation accuracy (VA) is the first metrics that are used to evaluate the classification model,
where 100% accuracy is a perfect result. To calculate cross-validated classification error;
classification error specified by 'LossFun' and 'classiferror' functions was used in Matlab to
measure the predictive inaccuracy of classification models [35]. Loss function or ‘Loss Fun’ is
the mean squared error (MSE) [35]. However, the best overall accuracy might not be the best
model and the model with a lower overall accuracy can be preferred based on other performance
metrics [35]. Therefore, it was important to investigate the performance of the model using
multiple metrics. Second metrics is the Area Under the Receiver Operating Characteristic (ROC)
Curve. The ROC curve shows the probability of a true positive rate versus false positive rate for
a trained classification model [45]. Example of the ROC curve plot for one class can be seen in
Figure 5.4. The Area Under the Curve (AUC) is a single measure to estimate the predictive
accuracy of a classification model [43]. AUC can vary between 0 and 1. With AUC equal to 1
indicating a perfect accuracy and AUC equal to 0.5 signifying random guessing [6]. Having a
multiclass classification, the overall performance of the classification model is computed by
averaging AUC of all classes. The third performance metrics that we evaluated are the true
positive rate (TPR) and false negative rate (FNR) for each class. In the current classifier on
Figure 5.4, AUC is equal to 0.73 and a false positive rate (FPR) of 0.09 indicates that the current
classifier assigns 9% of the observations incorrectly to the positive class. The true positive rate
of 0.26 indicates that the current classifier assigns 26% of the observations correctly to the
positive class.
Additionally, the model for each individual that showed the best performance was tested with
new unseen data. This data was not involved in creating these models with machine learning
algorithms. The performance and prediction accuracy of the created predictive model with the
new unseen data was assessed with root mean square error (RMSE) as shown in Eq.(5.1).
1

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = � ∑𝑛𝑛𝑖𝑖=1(𝑅𝑅𝑖𝑖 − 𝑃𝑃𝑖𝑖 )2
𝑛𝑛

(5.1)

Where n is the number of multi-steps prediction, Ri is the real value for the time-step i and Pi is
the predicted value of the model at the same time-step.
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Figure 5.4. Example of the ROC curve plot

5.3 Results and discussion
Table 5.2 summarizes all the overall validation accuracy results obtained for each approach and
combination of inputs. The average validation accuracy of each algorithm across all approaches,
and a combination of input and subjects, the RUSBoosted Trees show the lowest accuracy of
69.5%, respectively. All other models show similar accuracy on average within the range of
89.3% (Cubic SVM) to 90.5% (Bagged Trees).
Table 5.2. 10-fold overall cross-validation accuracy (%)

Algorithm

SVM

Ensemble

Linear
Quadratic
Cubic
Gaussian
Boosted
Trees
Bagged Trees
RUSBoosted
Trees

Approach 1
Input
parameters
1

Input
parameters
2

Approach 2
Input
parameters
1

Input
parameters
2

A

B

A

B

A

B

A

B

98.3
98.3
98.3
98.3

92.0
92.4
90.8
92.0

98.3
98.3
98.3
98.3

92.0
91.6
92.4
92.0

79.4
79.8
79.8
78.6

89.5
88.7
87.4
89.5

79.8
79.4
79.0
79.0

89.5
89.5
88.7
89.5

89.9
89.8
89.3
89.7

98.3

92.0

98.3

92.0

79.8

89.1

82.8

88.7

90.1

97.9

92.0

98.3

92.4

80.7

89.5

83.2

90.3

90.5

83.6

48.3

85.3

59.2

80.7

58.8

81.1

58.8

69.5

Average
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Table 5.3 shows the results of the AUC of all classification models. The results marked in green
show the cases where the results are 0.5 and below 0.6 that presents the poorest performance
since AUC equals 0.5 which signify random guessing. It can be seen that some models produced
around 0.8 prediction accuracy and over 0.9 while others predicted 0.5 which is considered
random guessing. In two instance the result 0.5 is obtained for subject A using Boosted trees.
For subject B the value between 0.5 and 0.6 appears in five instances. There is a difference in
prediction accuracy between two individuals. Overall, on average all tested personal models for
subject A show higher AUC values. This could be due to the fact that decision making for thermal
preference is different between individuals making some people more predictable than others.
Table 5.3. The predictive accuracy AUC of all classification models
Alghoritm

SVM

Ensemble

Approach 1

Approach 2

Input
parameters 1

Input
parameters 2

Input
parameters 1

Input
parameters 2

A

B

A

B

A

B

A

B

Linear

0.78

0.72

0.76

0.75

0.85

0.52

0.87

0.50

Quadratic

0.81

0.79

0.89

0.83

0.86

0.60

0.87

0.62

Cubic

0.79

0.79

0.93

0.84

0.86

0.64

0.87

0.71

Gaussian

0.80

0.79

0.86

0.82

0.86

0.60

0.87

0.65

0.50

0.66

0.50

0.55

0.83

0.56

0.84

0.64

0.63

0.67

0.66

0.65

0.88

0.54

0.87

0.70

0.92

0.65

0.93

0.83

0.86

0.50

0.85

0.58

Boosted
Trees
Bagged
Trees
RUSBoosted
Trees

Figure 5.5 shows a boxplot of AUC results of all classification models and all test subjects tested.
Among all tested models, RUSboosted trees displayed the highest performance (median
AUC=0.84). This is followed by SVM with quadratic, cubic and Gaussian kernel function. The
difference between the four top models is within 3.7%. The SVM with linear kernel resulted in
the median AUC of 0.76. The worst performing models are Boosted trees and Bagged trees with
median AUC of 0.60 and 0.67 respectively. However, Table 5.3 and Figure 5.5 show that even
though the RUSBoosted trees have the highest median AUC, the results obtained with SVM with
cubic kernel have the lowest deviation between the AUC for each approach, variable
combination and test subject. SVM with the cubic kernel is the most consistent method with
0.092 AUC deviation across all models. This is followed by SVM with a Gaussian kernel with
0.099 AUC deviation and SVM with a Quadratic kernel with 0.011 AUC deviation across all
classification models. The lowest consistency in results was achieved with RUSBoosted trees
that across all classification models results with 0.163 AUC deviation.
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Figure 5.5. AUC for all classification models and subjects

Figure 5.6 shows the comparison of the AUC values for each algorithm for input parameters 1
and input parameters 2. The combination of input parameters 2 showed better performance. In
average AUC values are higher 5% in case of input parameters 2 when compared with the
combination of input parameters 2.

Figure 5.6. Comparison between average AUC value for classification models using Input parameters 1
and Input parameters 2

Comparing the AUC results of approach 1 and approach 2, it is concluded that approach 1
resulted in the best performance overall all classification models with 4.7 % higher values on
average. The third metrics that was evaluated is the true positive rate (TPR). The average results
of all approaches show that RUSBoosted algorithm has the highest values of average 0.67 that

A comparison of different machine learning algorithms applied to a prediction of personal
overall thermal comfort

143

indicates that 67% of the observations were assigned correctly to the right class. This is the
averaged value of all tested approaches and for both test subjects. This was followed by Bagged
trees and SVM with a cubic kernel with values of 0.54 and 0.53, respectively. The good
performance of the RUSBoosted algorithm could be explained by the fact that it is suitable in
cases where there are more observation data of one class in comparison to other class. In this
study, the data size is limited by the total survey responses as well as the diversity of occupants’
responses during the performed test, resulting in more observation of one class than the other.
Furthermore, observing Table 5.2 and Table 5.3 the best personal model for each individual of
all tested models were selected. In the case of individual A, the best performance was shown
using approach 1, input parameters 2 with a RUSBoosted algorithm with an AUC value of 0.93.
For individual B the best performance was shown using approach 1, input parameters 2 with the
SVM algorithm with a cubic kernel with an AUC value of 0.84. These individual models were
tested with the unseen data and the accuracy was evaluated with RMSE. The closer RMSE values
are to zero the better agreement is between the real and the model estimated values [46]. The
selected individual model A when tested with unseen data resulted in RMSE equal to 0.34. In
the case of individual model B, the RMSE was equal to 0.90.

Figure 5.7. Confusion matrix for tested models (with the best AUC value) with the unseen data

Figure 5.7 shows the prediction results (predicted class) compared to true votes (true class). In
the case of individual model A, the classifiers misclassify on 11.8 % of votes. However, the
individual model B classifier correctly detects only 3 votes and other 14 instances were
misclassified as neutral. In this case, individual model B with the Cubic kernel misclassified
almost all the heating and cooling demand conditions as neutral.
To investigate if the best values of evaluated metrics provide the best model when tested with
unseen data, a second best model for each individual was tested in the same manner. In the case
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of individual A, approach 1, input parameters 1 with the RUSBoosted algorithm (AUC value of
0.92) resulted in the lower result compared to previously tested model (RMSE=0.4201). For
individual B, approach 1, input parameters 1 with the SVM classifier quadratic kernel (AUC
value of 0.79) when tested with the same unseen data showed perfect performance with RMSE
equal to 0. These results show the importance of testing the developed models with unseen data
or on-line testing in real time.
There are several limitations in this study that should be noted for future work. The first
limitation is that the environmental data collected in the climate chamber are uniform. However,
the approach of testing this methodology in a more controlled environment in a climate chamber
can be more practical in terms of measuring some of the inputs such as skin temperature. Also
in the study by Katic et al. [30], it showed that preferable heating settings, as well as the comfort,
changed with time even though the indoor conditions did not change substantially. Nevertheless,
future work should incorporate collecting the data over a wider range of environmental
conditions. The other limitation is the size of the tested occupants and the amount of data
collected. This type of studies depend on the feedback from the occupants and the diversity of
the data cannot be controlled. This results in data that can have more observation of one class
than the other. Even though, climate chamber provides many advantages such as control of
irrelevant variables, testing multiple test subjects takes more time. When creating data-based
models for individuals using machine learning means a large amount of data is required. This is
the advantage of field experiments where the data can be collected at the same time from a larger
amount of individuals. The downside of gathering data in a real environment is decreased control
over all variables that influence an occupant on a daily bases. Furthermore, the model input
parameters collection in real office depends on costs and practicality. The situation in the real
open space office can be subjected to changes, non-uniform and transient environment as well
as the relocation of individuals that are sitting in a specific heated chair. Therefore, the solution
that should be investigated to capture new patterns in the data can be on-line learning. In this
way, the models for each individual can be updated constantly. This methodology could also
show not just the development of the model, but the implementation of the same models. There
are many studies including the research in this paper that show how machine learning models
are created and their offline accuracy, but there is a limitation of studies that show how models
perform in real time or models tested with new unseen data. On-line learning could improve this
aspect of research and it could be tested in a field study where it is possible to test more subject
at the same time.

5.4 Conclusions
Indoor thermal comfort is perceived differently among building occupants. Individual diversity
(gender, weight, and age) cause different physiological responses in a thermal environment
demanding distinctive comfort requirements in the same thermal environment. Therefore, the
focus of this paper was on investigating the development of personal comfort models using
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machine learning methods. The combination of two different outputs and two different input
parameters combination were tested. The acquired results in this study led to conclude that:
•

The best performing algorithm (RUSBoosted trees) produced a median accuracy of
0.84, showing that this machine learning algorithm can produce high accuracy in
predicting personal thermal comfort of the occupants in the buildings.

•

Among all tested algorithms, RUSBoosted trees produced the highest accuracy in
average across two out of three metrics and tested models for each subject. However,
SVM with cubic and quadratic kernel showed the most consistency in results across all
tested metrics, models and subjects

•

Personal comfort models modeled based on input parameters 2 overall showed better
accuracy. This shows that mean skin temperature, hand skin temperature and individual
settings of personalized heating systems are influencing individual thermal preference
and should be used as input features

•

The approach using the outputs based on thermal sensation data resulted in personal
comfort models with an average 4.7 % higher accuracy than the approach that consisted
of outputs based on thermal comfort feedback.

•

Based on three evaluated metrics two best performing models for individual A is
obtained with the RUSBoosted algorithm and in case of individual B two best models
were using the SVM algorithm with quadratic and cubic kernel

•

Individual comfort models developed with machine learning techniques can provide an
accurate prediction of occupants' comfort needs. The results of the best performing
models for each individual showed good accuracy when tested with the new unseen
data.

Skin temperature can be a powerful predictor of thermal demands, especially predicting in
heating demand. And in this paper, the results showed that skin temperatures and occupants’
personalized heating system settings are sufficient to predict the thermal demands with good
accuracy. More researchers now pay attention to developing models and how inputs affect the
accuracy, but there is no attention to testing the models with new data or in real time offices.
Wearable devices for measuring skin temperatures are becoming common tools. Nevertheless,
there is yet to be shown how these resulting model would be practically implemented in real
offices.
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6
Discussion and limitations
6.1 Study outcomes and discussion
To enhance and balance thermal comfort prediction and energy consumption in buildings,
personal or individual approach together with model predictive control has been advocated in
this thesis. Four sub-research questions were formulated and are discussed in detail below.
−

What is the current state of the art in research on human physiological behavior and its
influence in thermal comfort predictions?

This question was addressed through a thorough literature review that presented the evolution of
thermophysiological models. The review showed that despite advances in computer technology,
thermophysiological models are still not used in the built environment. Some contributory
reasons for these are: Firstly, accurate and reliable input data has to be guaranteed and the relation
between simulated outputs of the model and perceived thermal comfort still has to be affirmed.
Secondly, the models are validated with the experimental data and prediction accuracy of
different models for the same thermal responses is often not compared [1]. The literature review
indicated that in order to satisfy comfort need of each building occupant, thermal comfort
prediction methodology needs to move towards individual comfort approach and
thermophysiological models offer an opportunity to explore the reactions of the human body in
different environmental conditions.
−

How individual differences as body composition are linked to different local skin
temperature distribution that influences local thermal sensation predictions?

The study revealed that the hand skin temperature is elevated in obese people in order to
compensate for the lower heat loss in the body region. In order to predict correctly local skin
temperatures, input parameters that are used for thermophysiological models need to be
reconsidered. It was shown that the prediction accuracy of the hand skin temperature in the obese
group was lower if the same inputs for the skin blood flow and blood temperature for obese
people as for the normal weight people are used. Why is predicting the local skin temperature of
individuals important? Personalized conditioning systems are focused on heating and cooling
local body parts such as hands. Therefore, accurate local thermal sensation modeling and local
skin temperatures are significant. Accurate input of local temperature has an influence on local
thermal sensation. A change in the hand skin temperature; as well as other body parts; of around
1°C can induce a change of one step on local thermal sensation scale [2]. Therefore, it can be
assumed that individuals with different local physiological responses will have different thermal
sensation responses.
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Can machine learning methods be used to develop individual models to control a
personalized conditioning system and can it be demonstrated that user control can be
substituted by model predictive control?

In order to answer this question, individual predictive models were developed and compared
using artificial neural network algorithm (NARX and NAR) and regression algorithms (SVR,
GPR, Bagged and Boosted trees). These models were validated with the offline analysis with the
unseen data. Even though the performance of all models tested with the unseen data was
satisfying, the best results obtained with the NARX model showed unmatched performance.
Furthermore, the best individual NARX models were successfully tested in the on-line
implementation.
−

What is the performance of personal comfort models using different machine learning
algorithms and how different combinations of parameters affect personal comfort?

With regards to the fourth research question, personal comfort models using machine learning
algorithms were developed. The acquired results led to the conclusion that machine learning
algorithms can produce high accuracy in predicting personal thermal comfort of the occupants
in the buildings. In this study, RUSBoosted trees produced the highest accuracy on average
across two out of three metrics and tested models for each subject. However, SVM with cubic
and quadratic kernel showed the most consistency in results across all tested metrics, models and
subjects. Two different approaches were tested based on the output data, in one approach thermal
sensation votes were used and in the other thermal comfort votes. The approach using the outputs
based on thermal sensation data resulted in personal comfort models with an average 4.7 %
higher accuracy in comparison to the approach that consisted of outputs based on thermal
comfort feedback. Additionally, two combinations of parameters that could affect personal
comfort were evaluated. In the first combination, occupants' heating behavior with a PCS, skin
temperatures, time and environmental data were used for the development of personal comfort
models to predict individuals' thermal preference. And the second combination included
occupants' heating behavior with a PCS, skin temperatures and time. Furthermore, personal
comfort models modeled based on the second combination of parameters overall showed better
accuracy, indicating that skin temperature and occupants' behavior with a personal comfort
system can be a powerful predictor of thermal demands.
In order to address the third and fourth research questions, climate chamber experiments were
performed for data collection and modeling using machine learning was performed. Several
discussion points that should be mentioned concerning data collection, personal comfort and
model predictive control are summarized below.
Machine learning technique is a powerful data-driven method, yet the limitation of black box
models is that the physical meaning and process of learning from input data is not interpretable.
Therefore when modeling, thermal comfort fundamentals should be taken into account when
inputs are assumed in the proposed models.
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The main advantage of the personal predictive model is that it was trained using data collected
from a specific person, therefore their personal characteristics are implicitly included in the
model. The decision of which inputs to use is also connected to the level of difficulty of
implementing it in climate control systems; and how cost-efficient and practical the collection
and feedback to the model in the on-line implementation in a real office.
The important thing to keep in mind when using data-driven models is the data size. A small
dataset can result in significantly lower accuracy and has a higher possibility to result in
overfitting. There are few things that can be done to prevent overfitting; use of more data if
possible for each individual or testing the generalization of different algorithms and its ability to
handle unseen data. In the case of limited, data machine learning technique such as transfer
learning could be adopted [3].
Another discussion point is climate chamber experiments versus field studies. The immense
advantage of the climate chamber study is that it offers greater control of present variables.
Moreover, measuring the data in a more controlled environment can be more practical when
dealing with inputs such as skin temperature. The downside is that when creating data-based
models for individuals, a large amount of data is required and testing multiple test subjects would
take considerably more time. Data collection from a larger number of individuals at the same
time is a strong advantage of field experiments. However in field tests, control over all variables
that influence an occupant on a daily bases is decreased. Furthermore, collecting specific input
parameters for the model in a real office depends on more variables such as costs and practicality.
Additionally, in a real open space office environment it is often non-uniform and transient, and
can be subjected to changes such as relocation of individuals that are sitting in a specific space
where each PCS is allocated. Thus, evaluating the appropriate type of experiment to perform is
a challenge. Climate chamber experiments and field studies should complement each other [4].
The results obtained in controlled experiments in a climate chamber are for guidance for new
methodologies that should then further be investigated in the field.
In this thesis, it is demonstrated that personal (individual) approach in thermal comfort prediction
and model predictive control of personalized conditioning systems can indeed enhance thermal
comfort and performance. Furthermore, in thermal comfort research, during the research process
of this thesis, more recent thermal comfort research in 2019 continues in the same direction.
Guenther and Sawodny [5] proposed a personalized comfort model developed using polynomial
basis function extended by a Gaussian Process regression model. Cosma and Simha [6]
introduces a different non-invasive approach for individual thermal comfort prediction and mean
time to warm discomfort using four different machine learning algorithms.

6.2 Limitations of the study
One of the limitations of this study is that the experimental tests were performed in a uniform
thermal environment and indoor conditions vary more during the day in the real office
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environment. In contrast to HVAC systems that aim to create a uniform environment for a large
group of occupants, PCS conditions the local space by exposing building occupants to nonuniform and non-steady-state conditions [7,8]. Therefore comfort research under the effect of
combined methods of conditioning should be more explored [8]. So far there is a limited number
of studies that focus on model predictive control and methodology for settings of PCSs. To the
best of our knowledge, there are no studies implementing predictive models into personal
automatic control. Within this study, the first step of the methodology was to test in a uniform
controlled environment in a climate chamber. The approach provided information on the
preferable heating settings for each test subject during testing time. The results showed that
regardless of the no substantial change in the indoor conditions (± 20 °C air temperature)
preferable heating settings and comfort level changed with time. The goal of the study was to
observe if the user interaction with PCS can be substituted with the model predictive control.
The comfort feedback during the on-line implementation showed the successful performance of
the individual models. Nevertheless, future work should incorporate collecting the data over a
wider range of environmental conditions, including the transient conditions during the testing
day.
The amount of the tested occupants and data collected is another major limitation. The approach
in developing individual predictive models in comfort research is highly dependable on the
feedback from the occupants. Since the diversity of the data cannot be controlled, for example,
collected data of the thermal comfort votes can result in more observation of one class than the
other.

Discussion

155

References
[1]

Y. Yang, R. Yao, B. Li, H. Liu, L. Jiang, A method of evaluating the accuracy of human
body
thermoregulation
models,
Build.
Environ.
87
(2015)
1–9.
doi:10.1016/j.buildenv.2015.01.013.

[2]

S. Veselá, B. Kingma, A. Frijns, Local thermal sensation modelling - a review on the
necessity and availability of local clothing properties and local metabolic heat
production, Indoor Air. (2016). doi:10.1111/ina.12324.

[3]

M. Jin, R. Jia, C.J. Spanos, Virtual Occupancy Sensing : Using Smart Meters to Indicate
Your Presence, 16 (2017) 3264–3277.

[4]

K.. Parsons, The effects of gender , acclimation state , the opportunity to adjust clothing
and physical disability on requirements for thermal comfort, Energy Build. 34 (2002)
593–599. doi:https://doi.org/10.1016/S0378-7788(02)00009-9.

[5]

J. Guenther, O. Sawodny, Feature selection and Gaussian Process regression for
personalized thermal comfort prediction, Build. Environ. 148 (2019) 448–458.
doi:10.1016/j.buildenv.2018.11.019.

[6]

A.C. Cosma, R. Simha, Machine learning method for real-time non-invasive prediction
of individual thermal preference in transient conditions, Build. Environ. 148 (2019) 372–
383. doi:10.1016/j.buildenv.2018.11.017.

[7]

M. Vesely, P. Molenaar, M. Vos, R. Li, W. Zeiler, Personalized heating - Comparison
of heaters and control modes, Build. Environ. 112 (2017) 223–232.
doi:10.1016/j.buildenv.2016.11.036.

[8]

M. Veselý, W. Zeiler, Personalized conditioning and its impact on thermal comfort and
energy performance – A review, Renew. Sustain. Energy Rev. 34 (2014) 401–408.
doi:10.1016/j.rser.2014.03.024.

7
Conclusions
7.1 Overall conclusions
This thesis aimed to investigate individual thermal comfort and control of personalized
conditioning systems based on model predictive techniques. Based on the established hypothesis
that personal (individual) approach in thermal comfort prediction and model predictive control
of personalized conditioning systems can enhance thermal comfort and performance, four
different research questions were answered.
With respect to the research on human physiological behavior and its influence in thermal
comfort predictions, it was established that the thermophysiological models are a valuable part
of the methodology for modeling thermal sensation. Furthermore, occupant’s physiological
behavior must be taken into account more precisely in order to achieve a high percentage of
occupant thermal satisfaction with the reduction of energy use for heating and cooling. Individual
differences (age, gender, body composition) influence the thermal state physiological responses
of the body that directly influence differences in thermal preferences of occupants. Including
physiological and psychological differences can provide more accurate thermal comfort
assessment.
The investigation into how individual differences as body composition are linked to different
local skin temperature distribution revealed that the hand-skin temperature is higher in obese
people in order to compensate for the lower heat loss in the body region. In comparison, the skin
temperature measured at the abdomen area in obese people has lower skin temperature when
compared with average weighted people. Furthermore, the study performed with the developed
thermophysiological model revealed that the accuracy of the local inputs (the blood flow rates,
evaporative heat loss, blood temperature) is crucial for achieving desirable predictability of the
thermophysiological model for an isolated body segment. This study shows that ignoring
physiological differences clearly introduces prediction errors. Only a few experimental studies
have been performed on this issue. Therefore, additional experiments and data would be
beneficial in order to see how individual differences affect physiological responses. It is
concluded that different body composition results in different regional skin temperatures. Hence,
this should be considered when modeling local skin temperatures that are later on used as an
input for thermal sensation models.
The research further investigated if machine learning methods can be used to develop individual
models to control a personalized conditioning system and demonstrate that user control can be
substitute by model predictive control. In response, individual predictive models were developed
and compared using several machine learning algorithms. In this study the demonstration of the
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use of learning algorithms to directly predict individual settings of the PCS was presented.
Choosing the algorithm differs from case to case and based on the results from the study, it is
recommended to always test different algorithms to see which suits best to the classification or
regression problem in question. Furthermore, the implementation and on-line testing of
predictive models in automatic control of personalized conditioning system; heated chair in this
case, was performed. Results of the on-line implementation showed that the developed predictive
models were accurate to predict individual setting of the PCS. The predictive model can serve
as an alternative to the user’s control. The predictive control provided a slightly better level of
thermal comfort, the self-reported performance was improved and resulted in similar power
consumption when compared to user control.
Lastly, the performance of personal comfort models using different machine learning was
investigated based on the fact that indoor thermal comfort is perceived differently among
building occupants as individual diversity (gender, weight, and age) cause different physiological
responses in a thermal environment. To investigate the performance of personal comfort models
developed using machine learning methods, different machine learning algorithms were used.
The acquired results in this study led to the conclusion that a machine learning algorithm can
produce high accuracy in predicting personal thermal comfort of the occupants by PCS control
in the buildings. Furthermore, the combination of two different outputs and two different input
parameters combination was tested. Two different outputs were based on the measured output
data, one being thermal sensation votes and other thermal comfort votes. The approach using the
outputs based on thermal sensation data resulted in personal comfort models with higher
accuracy in comparison to the approach that consisted of outputs based on thermal comfort
feedback. The first combination of inputs included occupants' heating behavior with a PCS, skin
temperatures, and the second combination included occupants' heating behavior with a PCS, skin
temperatures and time. Personal comfort models modeled based on the second input combination
overall showed better accuracy. Testing different approaches also showed that mean skin
temperature, hand skin temperature and individual settings of PCSs influence individual thermal
preference and should be used as input features.
In this thesis, the missing aspect of the implementation of predictive models was addressed and
the accuracy of model predictive control was tested for PCSs. The accuracy was tested both offline with new data and in online implementation. Furthermore, it was demonstrated that
individual comfort models developed with machine learning techniques can provide an accurate
prediction of occupants' comfort needs. Physiological responses, such as skin temperature can
be a powerful predictor of thermal demands, especially predicting in heating demand. Results
showed that skin temperatures and occupants’ personalized heating system settings are sufficient
to predict the thermal demands with good accuracy.

7.2 Future recommendations
Research on thermal comfort conducted before and during the period of working on this thesis
had already shown that there is a new shift towards personal thermal comfort and data-driven
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studies. Nevertheless, there is yet to be shown how these resulting predictive models could be
practically implemented in real offices. In general, there is limited research testing predictive
models in online implementation.
To summarize, the whole methodology of model predictive control of personalized conditioning
systems was presented. From the data collection, development of the predictive models up to the
implementation of the models in automatic control. The main focus was on the individual
approach, creating individual models to predict settings of the PCS as well as personal comfort
models. From this process a few recommendations for future work can be drawn:
•

The first recommendation is testing more individual occupants, possibly in a field study
where it is practical to test more subjects at the same time.

•

In order to update constantly models for each individual, on-line learning should be
considered as a solution for capturing new patterns in the data. In this study not only
the development of the predictive models is shown, but also the implementation of the
same models. There is an increasing number of studies that focus on how machine
learning models are created using a different algorithm and evaluating their offline
accuracy. Yet, there is a limited amount of studies that evaluate performance in real
time or with new unseen data. On-line learning in the real office that can capture new
patterns in the data and update predictive model is recommended as the next step in
future research.

•

The approach in this methodology was the personal approach in thermal comfort and
automatic control based on individual preferences. Accordingly, the next step would be
the grey-box modeling that could be used for multi-person cases where subgroups
categorized by physiological differences such as age, BMI and gender would be created.

•

Lastly, physiological characteristics that influence thermal comfort such as skin
temperature could be used as real-time input for the predictive model. At the moment
from the practical aspect is not included in an online implementation, yet with future
development of the wearable sensor, this could become a viable option.
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