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Abstract 

 
Heating, ventilation and air-conditioning system plays a key role in shaping the building 

performances. The effective and efficient HVAC operations not only achieve energy savings but 

also create a more comfortable environment for occupant indoors. Moreover, compared to private 

office environment, open-plan office environment has become a trend in most of office buildings 

since it not only creates opportunities for employers to communicate with one another and improve 

productivity but also reduce construction cost. However, open-plan office building is also faced 

with problems like much too interruption and unsatisfactory shared indoor temperature and 

humidity. Since HVAC system aims to create comfortable thermal environment and improve 

energy performances of the building, it is of great importance to develop new paradigm of HVAC 

system framework so that everyone could work under their preferred thermal environment while 

the system could also achieve better energy performances. Inspired by that, many researchers have 

made great effort to developing thermal comfort model and promote the development of occupant-

responsive HVAC system.  

 

Moreover, compared to environment-related factors to thermal comfort, occupant-related 

factors such as clothing insulation, metabolic rate, skin temperature haven’t had standardized 

sensing technique to measure in order to predict or detect individual thermal comfort in real-time. 

In terms of user-focused sensing system, four metrics have to be taken into account, which are 

privacy, intrusiveness, accuracy and cost-effectiveness. However, most of sensing system for 

occupant-related factors may either result in privacy issue or are too intrusive. Therefore, it is 

necessary to develop a new non-intrusiveness and less private sensing framework for monitoring 

thermal comfort in real-time.  

 

Therefore, this dissertation proposes a new integrative HVAC system featuring adaptive 

personalized cooling with non-intrusive sensing techniques for open-plan office buildings. The 

research mainly consists of three parts: 

 Develop an adaptive personalized cooling system to create a comfortable local 

thermal environment automatically with non-intrusive sensing techniques. The sensing system 

consists of indoor air temperature and relative humidity sensor, air velocity sensor as well as 8x8 

thermal array (Infrared array). 

 Quantify the energy savings of the new paradigm of multiple personalized systems 

in the micro-zones to be connected with the macro-zone where the temperature setpoint dead band 

of the centralized HVAC system increases and the system is responsive to occupant behaviors. 

 Develop a simulation model to analyze the benefits of occupant thermal comfort 

improvement and energy savings in a typical open plan office space with the proposed system.  

 

As a result, the new paradigm of the integrative HVAC system could optimize energy 

performances and create more comfortable thermal environment for employers working in the 

open plan office and is expected to be implemented in the future.  

 

Keywords: adaptive thermal comfort, personalized cooling system, non-intrusive sensing, 

occupant-responsive HVAC system. 
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1.  Introduction 

Throughout a person’s whole life, he/she spends 90% of time indoors since buildings can 

provide satisfactory environments for human beings. Indoor environment quality (IEQ) is always 

used to evaluate the quality of the built environments created with different building systems, 

which includes acoustic quality, air quality, spatial quality, visual quality and thermal quality. As 

one of the key building systems, Heating, ventilation and air-conditioning (HVAC) system affects 

all of these qualities, particularly indoor air quality (IAQ) and indoor thermal quality, especially 

in office buildings. Compared to private office environment, open-plan office environment has 

become a trend in most of office buildings since it not only creates opportunities for employers to 

communicate with one another and improve productivity but also reduce construction cost. 

However, open-plan office building is also faced with problems like much too interruption and 

unsatisfactory shared indoor temperature and humidity. 

Meanwhile, since global warming has become more and more serious problem, scientists 

are trying to develop technology to increase energy efficiency. Among all of building systems, 

HVAC system accounts for 37% of the whole building energy consumption across the United 

States (CBECS, 2012; RECS 2008). For the past decades, even if HVAC energy performances has 

been improved a lot, there are still some challenges.  

Motivated by that, this research aims to propose a new system type of integrative 

personalized and centralized HVAC system to take both comfort and energy efficiency into 

account. 

2. Background of integrative personalized and centralized HVAC 

system 

In commercial buildings, since innovations in HVAC are inspired with the targets to 

optimize energy performance and improve thermal comfort for individuals, it is of great 

importance to have comprehensive understandings in thermal comfort and energy efficiency in 

buildings. With the increasing demands of individual comfort, many researchers are investigating 

adaptive thermal comfort model besides static thermal comfort model such as Predicted Mean 

Vote (PMV) for years (Fanger, 1970). As a result, such adaptive thermal comfort models have 

provided many insights into development of occupant-responsive HVAC controls. For instance, 

one of the milestone projects of adaptive thermal comfort is the ASHRAE RP-884 (De Dear, 

1998), which collected a total of 22000 sets of data from the real office environments across the 

world. This project has been widely used to develop various adaptive thermal comfort model, 

which have been integrated into personalized HVAC controls. Meanwhile, with the profound 

studies on relations between buildings energy performances and human dimensions that occupant 

behaviors actually play a significant role in energy consumptions in the buildings, the occupant-

responsive HVAC system has been seen as future trend for developing the intelligent building 

systems due to the outstanding performances of energy savings and occupant comfort 

improvement in both in-field studies and building simulations in the academic filed. Therefore, 

this chapter can be divided into two parts. The first part is the development of adaptive thermal 

comfort in terms of RP884, adaptive thermal comfort system including sensor measurements while 

the second part is the occupant-responsive HVAC system in terms of indirect and direct occupant 
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pattern recognition system, especially implantable or wearable devices and systems without human 

interaction or interventions.  

 

2.1 Adaptive thermal comfort 

2.1.1 Differences between adaptive thermal comfort and static thermal comfort 

In the course of thermal comfort research, there are two main concepts in terms of thermal 

comfort. One is static thermal comfort while the other is adaptive thermal comfort. As to static 

thermal comfort, the wide-spread thermal comfort evaluation metrics such as Static Effective 

Temperature (SET*) and PMV, have been accepted into standards (ASHRAE 55, 2010 and 

ISO7730, 2005). The figure1 shows the thermal sensation 7-point scale. Even if many researchers 

agree that occupant feels thermally comfortable when they feel the thermal environment is neutral 

such as Bedford’s scale (Bedford, 1936). However, some other researchers have doubts on the 

relations between thermal sensation and thermal comfort. They believe that thermal comfort is 

different from thermal sensation (Ebbecke, 1917). Therefore, they designed a thermal comfort vote 

(TCV) with 5-point scale, as shown in Figure 2. 

 

 

 

  

 

According to RP884 project, static thermal comfort studies are based on the hypothesis that 

the thermal sensations are proportional to the magnitude of physiological responses to the thermal 

environment, which satisfies the heat balance thermal comfort model (De Dear, 1998). Moreover, 

researchers favoring static thermal comfort admit that the overall thermal environment is 

impossible to satisfy every occupant. Hence, Predicted Percentage of Dissatisfaction (PPD) 

(Fanger, 1970) has also been developed to evaluate the thermal environment with PMV together. 

Nevertheless, such metrics still can only represent overall thermal comfort under the same thermal 

environment rather than individual thermal comfort.  

On the other hand, researchers favoring adaptive thermal comfort believes that various 

factors can also have effects on individual thermal comfort such as demographics (gender, age, 

etc.), context (building design, season, etc.) and cognition (attitude and expectations) (De Dear, 

1998). The adaptive model is also premised that the occupant is no longer a passive recipient of 

the given thermal environment. Instead, the occupant is able to interact with all levels of the 

person-environment system via feedback loops in the real thermal environment. Therefore, the 

adaptive thermal comfort can be seen as part of the basis of personalized HVAC system.  

 

2.1.2 ASHRAE RP884 project 

As mentioned before, ASHRAE RP884 project is a milestone in the course of adaptive 

thermal comfort. It aims to develop a database storing data related to thermal comfort not only 

from objective measurements such as indoor/outdoor thermal environment and metabolic rates but 

Recommended PMV 

range 

Figure 1 Thermal sensation scale Figure 2 Thermal comfort scale 
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also participants’ feedbacks such as thermal sensation, thermal preferences via surveys. The data 

was collected from various individuals during summer or winter in real office environment from 

different climate zones, including tropical savanna, hot arid, wet equatorial, humid midlatitude, 

humid subtropical, temperate marine, mediterranean, west coast marine, continental subarctic, 

desert and semi-arid midlatitude/high altitude. Meanwhile, the project not only studies occupant 

thermal comfort in conditioned environment equipped with centralized HVAC systems such as 

Variable Air Volume (VAV) system and Constant Air Volume (CAV) system but also in naturally-

ventilated environment where outdoor environment may have significant influences on individual 

thermal comfort. More details will be described in the section 5.1.2. 

 

2.1.3 Principle factors to thermal comfort 

As defined by ANSI/ASHRAE 55 and ISO7730, thermal comfort is “that condition of mind 

which expresses satisfaction with the thermal environment and is assessed by subjective 

evaluation.” Therefore, thermal comfort is the combined result of physical environment and 

psychological activities. For the past 40 years, many researchers have been investigating the 

principle indicators of thermal comfort. The Danish scientist Fanger is seen as the founder of 

thermal comfort research and he believes that thermal comfort is the same as neutral state for 

thermal sensation. In addition, he developed PMV equation based on the following equilibrium 

under steady state: 

M-W-C-R-E=0 Eq.1 

where 

M—metabolic rate, W/m2; 

W--external work, W/m2, equal to zero for most activities; 

C—heat exchange through convection, W/m2; 

R—heat exchange through radiation, W/m2; 

E-- rate of total evaporation loss, W/m2; 

 

For indoor environment, since the heat exchange and evaporation loss are owing to the 

difference between thermal environment conditions and human body conditions, the variables of 

C, R and E can be expanded further. Therefore, for PMV equation, the following six measurable 

variables are accepted to be the indicators of thermal comfort, which are indoor air temperature, 

indoor relative humidity, indoor air velocity, mean radiant temperature, clothing insulation and 

metabolic rate (Fanger, 1970) 

Moreover, with development of user-focused sensing technique, especially infrared 

technology and wearable devices, many other researchers have also proposed different indicators 

from those in PMV equation. The following physical variables have also been widely used to 

indicate thermal comfort besides those in PMV, which are skin temperature and heart rate.  

However, since in common office environment, heart rate of a healthy occupant is within 

a steady range and may change trivially when the thermal environment changes. Therefore, it may 

not be a good indicator of thermal comfort in the office environment (Choi, 2010). While as to 

skin temperature, researchers further study the most representative skin temperature among 

different body parts (i.e. cheek, frontal head, wrist, ankle, etc.) to indicate individual thermal 

comfort. However, there hasn’t been a well-accepted conclusion in the academy so far. In the 

1990s, mean skin temperature was used by researchers as indicator of thermal comfort with 

regression models (Höppe, 1999). However, recent researchers have focused on using local skin 

temperature to indicate thermal comfort since it may not be so intrusive. (Choi, 2010) has found 
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that wrist skin temperature gradient is the best indicator of individual thermal comfort among 

various body locations while (Ghahramani et al., 2018) have used infrared thermography to 

measure skin temperature of different locations on human face, including nose, front face, back of 

ear and cheekbone to indicate thermal comfort and found that the accuracy could reach 82.8% for 

predicting uncomfortable conditions. In addition, (Ranjan and Scott, 2016) have used IR camera 

to dynamically detect and predict thermal comfort. They classified thermal preferences based on 

skin temperature of forehead, cheeks, jaws, upper neck, lower neck, palm core, palm and back of 

hand and have found that the face has outperformed other body regions. Moreover, (Jazizadeh and 

Jung, 2018) have used RGB camera with Photoplethysmography (PPG) technique to amplify 

subtle variations of blood perfusion of human face in different temperature ranges. 

Moreover, as to adaptive thermal comfort, some psychological factors can also impact 

individual thermal comfort such as gender, age and economic status. (Park, 2015) has studied 

effect of gender, age, job and education level on user satisfaction of the overall indoor environment, 

including thermal environment. However, compared with physical factors, psychological factors 

are more difficult to collect due to privacy issue. Meanwhile, RP884 project has also revealed that 

in a naturally-ventilated indoor environment, outdoor thermal environment like outdoor air 

temperature also affect occupant thermal comfort significantly.  

In all, the factors to individual thermal comfort in the indoor environment with HVAC 

system that researchers have investigated can be categorized into environment-related factors and 

occupant-related factors, as shown in the following table.  

 
Table 1 Principle factors to thermal comfort 

Environment-related factors 

Variable Unit 

Indoor air temperature C 

Indoor relative humidity % 

Indoor air velocity m/s 

Mean radiant temperature C 

Occupant-related factors 

Variable Unit 

Skin temperature C 

Metabolic rate W/m2 

Clothing insulation clo 

Heart rates bpm 

 

2.1.4 Development of adaptive thermal comfort system 

Data acquisition is key to developing thermal comfort model as well as apply the model 

into real-time HVAC controls. Therefore, the development of sensing technique has promoted the 

development of thermal comfort system consisting of sensors, controller as well as heating or 

cooling actuator. As mentioned before, the factors to thermal comfort can be categorized into 

environment-related factors and occupant-related factors. In terms of environment-related factors, 

standardized sensors have been developed, as shown in the following table.  
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Table 2 Environmental-related factor and correspondent sensor measurement tools 

Variable Unit Sensor 

Indoor air temperature C air temperature sensor 

Indoor relative humidity % dew point sensor 

Indoor air velocity m/s air velocity sensor 

Mean radiant temperature C black-hole temperature sensor 

 

However, in terms of occupant-related factors of skin temperature, clothing insulation, 

metabolic rate and heart rate, there haven’t been a standard sensing system due to difficulty in 

measuring modalities from human body, particularly in real built environment. In order to design 

good user-focused sensing system, it is necessary to take four metrics into account, which are 

accuracy, privacy, intrusiveness and cost-effectiveness.  

In terms of heart rate measurement and metabolic rate measurement, many well-developed 

user-focused sensing systems have been available in the market. However, there are still challenges 

in measuring clothing insulation and skin temperature. 

Clothing insulation is the thermal insulation provided by clothing. In the past, researchers 

estimate clothing insulation by asking participants the clothes they wear and find the correspondent 

static insulation values from standards. The clothing insulation values in the standard are measured 

under the strict lab environment such as measurement with thermal manikins (Tanabe et al., 1994). 

Even if it is already acceptable to be used in thermal comfort model, it is better to correct the static 

values based on the current conditions such as participants’ postures (i.e. seated, standing), 

occupant metabolic rates and current thermal environment. Moreover, besides static clothing 

insulation based on measurement with manikins, many researchers also investigate to measure the 

insulation with complex Computational Fluid Dynamics (CFD) simulations (Lee et al., 2016), 

predict the insulations with outdoor air temperature and indoor operative temperature (Schiavon 

et al., 2013) or real-time measurement with sensors. Considering four evaluation metrics of sensing 

system, the real-time measurement could be the best way. (Lee et al., 2016) proposed a real-time 

clothing insulation measurement using an infrared (IR) camera and estimate the insulation based 

on dynamic clothing insulation method described in ISO7933. Meanwhile, (Lu et al., 2018) 

measured the clothing insulation in real-time with infrared temperature sensor, which is much 

more cost-effective than IR camera. However, real-time clothing insulation measurement could 

still be challenging since the occupant behaviors like taking off/putting on clothes could change 

randomly.  

In terms of skin temperature, even if sensors to measure skin temperature have achieved 

high accuracy, it is still challenging since skin temperature of different body parts vary from one 

to another and as mentioned before, there hasn’t been a well-accepted conclusion which part could 

represent thermal comfort best. Therefore, many researchers are still studying skin temperature 

measurement methods to be applied into developing thermal comfort system, including wrist band, 

IR camera and RGB camera. 

 

2.2 Occupant-responsive HVAC system 

In order to reduce energy consumption of the existing HVAC systems and improve 

occupant comfort, occupant-responsive HVAC controls have been being investigated for years. 
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One of the key to designing occupant-responsive HVAC system is to understand the occupant 

behaviors. 

Occupant behaviors have two distinctive effects on building performances, which are 

passive and active effects (Zhao, 2015). Passive effects are derived from dynamic occupancy 

schedules like the presence of the occupants during a day or occupancy behaviors like using the 

microwave in the lunchtime or doing computer-based work. Active effects are derived from 

individual preferences of the indoor environment such as personal thermal sensation or occupancy 

behaviors like turning on/off lights or opening/closing windows based on their own preferences. 

In other words, to understand passive effects of human on the building systems, it requires 

objective occupancy information like occupancy schedules or location of occupants. However, to 

understand active effects of human on the building system, it requires subjective occupancy 

feedback describing individual sensation such as thermal comfort, visual comfort. Both passive 

and active effects could play important roles in operations of building systems and building 

diagnostics. 

Besides meeting thermal comfort requirements as mentioned in the previous chapter, 

occupant-responsive HVAC system also plays a role in determining the energy consumption of 

the entire building. As mentioned before, with the conventional centralized HVAC controls, the 

amount of energy used for HVAC has accounted for 37% of all energy. For most of the commercial 

buildings, particularly office buildings and schools, the heating and cooling loads are largely 

dependent on the occupancy behavioral patterns like occupant presence and activities. However, 

the conventional HVAC systems have been operated without the ability to adjust supply air rate 

accordingly. Therefore, much of the energy use for HVAC is wasted, particularly when the 

conditioned spaces being unoccupied or the operation being under the maximum levels. On the 

contrary, since occupant-responsive HVAC system can be responsive to the dynamic occupancy 

profile, it has a large potential to reduce energy consumption.  

With the comprehensive understanding of effects of occupant behaviors on building 

performances, it is of great importance to develop occupant pattern recognition system. According 

to Zhao, the occupant pattern recognition system can be categorized into direct and indirect 

approaches (Zhao, 2015). Indirect approaches use simulations or environmental sensor data mining 

with stochastic modeling to indicate occupant patterns such as the number of occupancy indoors. 

In contrast, the direct approaches use technique directly to get the information of occupancy. 

 

2.2.1 Indirect approaches to occupant pattern recognition system 

As to indirect approach to deal with passive effects such as occupancy estimation, the 

Lawrence Berkeley National Laboratory (LBNL) has developed an agent-based occupancy 

simulator for building performance modeling(Chen, Luo, & Hong, 2016). The web-based 

application simulates each occupant as an agent with specific movement events and statistics of 

space uses. Meanwhile, the simulator simulates the location of each occupant at each time step 

based on the first-order homogeneous Markov chain model. However, the research is mainly 

focused on applying occupancy schedules generated with occupancy simulator into saving energy 

instead of improving occupant comfort. Moreover, (Dong, 2010) set up a large-scale sensor 

network so as to implement a nonlinear model predictive control (NMPC) in the test bed. Artificial 

neural network (ANN) and Hidden Markov model (HMM) were implemented to predict the 

number of occupants with the inputs of CO2 concentration, total volatile organic compounds 

(TVOC), PM 2.5, acoustics, illumination, motion, temperature, humidity as well as a video camera 

network. The results showed that energy reduction could reach nearly 50% based on this proposed 
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control approach for the entire heating/cooling testing periods. However, the study is focused on 

a single-zone room instead of multi-zone building level and the accuracy and configuration of 

sensor network could also be improved.  

Even if indirect approaches have achieved energy reduction and improved human comfort 

level, the accuracy and complexity for real implementation in a building is still not satisfactory. 

Compared to indirect approaches, direct approaches have a great advantage of higher accuracy in 

terms of occupancy counting, activity level measurement. Moreover, compared with indirect 

approaches, direct approaches also include collecting users’ personal feedback directly to take 

active effects into account.  

 

2.2.2  Direct approaches to occupant pattern recognition system 

Direct approaches can be further classified into two categories. One is the wearable, 

portable or implantable sensing systems and the other is the sensing systems without human 

intervention or interactions such as vision-based system.  

With the development of user-focused sensing system, many innovative wearable, portable 

or implantable technologies such as mobile phones, ultrasonic technology, Fitbit, Radio-

Frequency identification (RFID) have been utilized to detect occupant patterns or monitor 

occupant activities and some of them have been connected with the control system to realize 

occupant-responsive HVAC controls.  

For instance, comfy is a company aiming to create a productive office environment with 

comfy apps to control the building systems by occupants and welcome occupants to provide 

feedback to improve the system operations. The case study in Johnson Controls has shown that 

with comfy, the whole building can achieve 12% HVAC energy savings and 63% increase in 

productivity.  

In addition, the on-going project of developing personal comfort system (PCS) from Centre 

for Built Environment (CBE), UC Berkeley is an innovation to integrate low-energy PCS to create 

micro-zones into centralized HVAC operations in open plan office environments (Andersen et al., 

2015). The project has invented the low-energy heated and cooled chairs with wireless internet 

connectivity and tested the performances in different real office environments in California. The 

following figures show the system design and the framework of connected micro-zones with the 

macro-zone. 

 

 

The PCS adjusts the local thermal environment based on occupant behavioral models of 

changing heating/cooling setpoints of the chair. Meanwhile, the whole framework gets further 

Figure 3 Personal comfort system Figure 4 Framework of connected micro-zones with the macro-zone 
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optimized with communication between chairs and the centralized HVAC system. In the case 

study, the test energy performances were optimized with the mode of widening HVAC temperature 

setpoint dead band in conjunction with proposed chairs. However, since the system was tested in 

real office environments, they were unable to test the energy reduction solely owing to the wider 

dead band.  

Even if those occupant-responsive systems could achieve better performances, it also has 

drawbacks of strong intrusiveness and inflexibility. For instance, the occupants have to download 

comfy apps to realize personal controls and PCS cannot be useful if the occupants prefer stand 

while working to sitting. Therefore, another direct approach with the non-intrusive sensing system, 

which requires few human interventions or interactions have also attracted many researchers’ 

attention for the past few years, particularly vision-based occupant pattern recognition system like 

IR camera, depth camera and RGB camera. 

IR camera can not only be used in thermal comfort studies like the example in previous 

chapter with high accuracy and non-intrusiveness but can also be used for occupant detection. In 

addition, depth camera is another type of camera which has been applied into occupant pattern 

recognition recently. Depth camera is capable of measuring distances. A researcher made the use 

of PTZ and depth cameras to test a robust day-and-night people tracking and counting algorithm. 

The system consisting of background modeling, comprehensive motion detection, tracking 

algorithm. The system proposed a tracking algorithm based on particle filtering and support vector 

machine (SVM) with online learning (Shih, 2014). Moreover, the occupancy estimation systems 

called FORK has been developed by Bosch (Munir et al., 2017). Similar to Shih, they’ve developed 

a prototype with depth camera using a lightweight computer vision algorithm to detect occupants. 

FORK is mounted at the door so as to monitor people’s entrance and exit. Even if the depth camera 

and IR camera have less risk of privacy and high accuracy, the cost is much higher than that of a 

RGB camera. 

Therefore, many studies have also been focused on RGB camera. (Liu et al., 2013) 

proposed a dynamic Bayesian network-based method based on the video surveillance for occupant 

detection both at the entrance and inside the room. Additionally, a group of researchers from 

France proposed a vision-based system for human detection and activity analysis based on video 

sequences using a static camera(Benezeth, Laurent, Emile, & Rosenberger, 2011). The vision-

based system is comprised of background subtraction, tracking, occupant recognition and activity 

characteristics. However, RGB camera could have high risk of privacy, which may not be accepted 

by occupants. 

 

2.3 Conclusions 

Based on literature review on thermal comfort research and occupant-responsive HVAC 

system, it can be concluded that the recent studies on occupancy pattern recognition technique for 

occupant-responsive HVAC system to increase energy efficiency and occupant thermal comfort 

improvement has turned to direct approaches due to rapid development of computer vision and 

wireless sensor network. Meanwhile, compared to direct approaches like wearable devices or 

smart phones, vision-based occupancy sensing is non-intrusive and has drawn much more attention 

than before. However, even if many studies have been focused on applications of vision-based 

system into HVAC system, few studies have further quantified the energy savings and thermal 

comfort improvements with the proposed system either by simulation or by real deployment to 

develop the occupant-responsive HVAC system. Therefore, this research aims to quantify the 

energy savings and occupant thermal comfort improvements with the proposed integrative HVAC 
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controls featuring cost-effective and adaptive personalized system with real-time cost-effective 

and non-intrusive occupant pattern recognition system.  

3 Research objectives: 

Based on current limitations identified in literature, the dissertation aims to realize the 

following research objectives: 

 Quantify the potential energy consumption with integrative centralized HVAC and 

personalized cooling system with non-intrusive sensing technique. 

• Provide recommendations on real implementation of the proposed integrative system based 

on the simulation of an open plan space with the centralized VAV system. 

4 Hypothesis 

This dissertation aims to validate the following main hypothesis with three sub-

hypotheses: 

 Main Hypothesis: 

Non-intrusive personalized cooling systems, which are connected with the centralized 

HVAC system can achieve energy savings and thermal comfort in open-plan office buildings. 

 Sub-hypothesis 1: 

Individual thermal model can be refined and learned quickly with well-initialized thermal 

model. In other words, a new user’s thermal model can be adapted quickly based on the existing 

user’s thermal model. 

 Sub-hypothesis 2: 

Personalized cooling system can be operated automatically based on the personal thermal 

model. 

 Sub-hypothesis 3: 

The integrated centralized HVAC system with energy-efficient personalized cooling 

systems can achieve energy savings while maintain high thermal comfort level. 

5 Development of non-intrusive personalized cooling system 

5.1 Methodology 

The proposed personalized system realizes the automatic adjustments of the local thermal 

environment around the occupants while still allows the user to override the automatic actions 

from the controller. Since the proposed system aims not only improve occupant thermal comfort 

but also increase energy savings by widening the temperature setpoint dead band with the 

centralized HVAC system, the personalized system should have higher energy efficiency than the 

centralized system. Meanwhile, since the proposed personalized system aims to be installed at the 

desktop not far away from the occupant, the actuators (i.e. cooling device) shall not result in 

discomfort. In order to keep cost-effectiveness, the current proposed cooling device is mini-fan. 

However, based on the fact that the personalized heating device like portable heater supplied with 

electricity has lower energy efficiency than centralized heating system and may cause additional 

discomfort, the personalized heating system is not included within the overall integrative system. 

In other words, the integration of personalized and centralized HVAC system is mainly focused 

on cooling season. The study of the personalized cooling system consists of three parts, which are 

development of well-initialized thermal model, analysis of differences between individual thermal 
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comfort with RP884 dataset as well as assemble the personalized cooling system with non-

intrusive sensing system. The following paragraphs will describe each part.  

 

5.1.1 Development of initialized thermal model 

Unlike PCS that the occupant thermal comfort model is developed completely based on 

the users’ preferences (i.e. users’ actions on heating/cooling setpoints) from scratch, the proposed 

personalized cooling system utilizes a trained thermal model as well-initialized thermal model and 

calibrate the model by collecting the overriding actions from the new user. In order to do that, the 

initialized thermal model is developed based on a six-day experiment with two subjects (one male 

and one female) between 3/11/2018 and 3/16/2018 in Tongji University, Shanghai. The male 

subject had 423 instances and the female subject had 323 instances.  

 

 Experimental setup 

The objective of the experiment is to predict thermal sensation of the two participants under 

different indoor air temperature and relative humidity. Based on the design of non-intrusive 

sensing system and the literature review of principle factors to thermal comfort, the measured 

variables are shown in the following table. The interval of adjacent sensor measurements is 5 min.  

 
Table 3 Measured variables and correspondent tools 

variable sensor tool 

cheek skin temperature measurement [C] FLIR B8400 (figure) 

Clothing insulation [clo] 

Manually identify the clothing type and 

find the insulation values based on 

ASHRAE 55 

Indoor air temperature [C]/relative 

humidity measurement [%] DHT22 

Outdoor air temperature [C]/relative 

humidity measurement [%] weather station 

 

Meanwhile, in order to generate more different thermal environment, an overhead air 

conditioner and four heaters were implemented to increase or decrease indoor temperature under 

steady state, as shown in the following figures. The following table shows the temperature changes 

during each session. 

 
Table 4 Experimental temperature ranges 

Date Start time End Time 

initial 

temperature 

[C] 

Highest/lowest 

temperature 

[C] 

end 

temperature 

[C] 

3/11/18 

9:50 11:50 17.4 29.3 22.3 

13:45 16:45 22.6 29 24.3 

19:30 22:30 19.3 28.5 20.9 



11 
 

3/12/18 

10:10 11:30 17.7 29.5 25.3 

13:40 15:30 21.2 28.4 24.4 

3/13/18 

9:35 12:00 19 28.9 24.1 

13:40 17:30 29.9   18.5 

19:40 22:35 21.2 28.5 24.3 

3/14/18 

9:30 11:35 20.8 29 26.5 

13:35 17:35 17.3 29.3 23.8 

20:00 22:25 20.9 28 18.7 

3/15/18 

9:35 11:40 19.5 29.5 24 

13:30 16:30 21.5 30 18.1 

3/16/18 8:50 10:20 16.1 14.4 26.2 

  

Meanwhile, the participants were asked to provide feedback of their current thermal 

sensation and thermal comfort. Following Hensel’s studies (Hensel, 1981), thermal sensation is 

different from thermal comfort. Therefore, the experiment utilized 7-point thermal sensation scale 

and modified 5-point thermal comfort scale. The formats of thermal sensation and thermal comfort 

are shown in the table. Figure 6 shows the participants status in the experiment and the 

thermographic photos, respectively. Meanwhile, before each session, the participants’ clothes were 

reported and heart rates were measured so as to ensure the participants have similar regular status 

in the beginning.  

 
Table 5 TCV and TSV for the experiments 

Thermal comfort vote (TCV) Meaning 

-3 very unsatisfied 

-2 unsatisfied 

-1 a bit unsatisfied 

0 satisfied 

1 very satisfied 

Thermal sensation vote (TSV) Meaning 

-3 very cold 

Figure 5 Experimental Setup. a) FLIR B400 IR camera. b) Air-conditioning terminal. c) Heaters 
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-2 cold 

-1 cool 

0 neutral 

1 warm 

2 hot 

3  very hot 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Data preprocessing  

With the FLIR software, the cheek skin temperature was measured by manually 

selecting the cheek area and then getting the average surface temperature of that area. In 

order to get the accurate skin temperature, the emissivity is set to be 0.98.  

 

 Classification 

Since the relation between features and thermal sensations is non-linear, two non-

linear classification algorithms were implemented. One is nonlinear kernel-based support 

vector machine (SVM) and the other is random forest. Meanwhile, 5-fold cross-validation 

was implemented to evaluate the model.  

 

 5.1.2 Analysis of differences between individual thermal comfort with RP884 dataset 

In order to validate the sub-hypothesis 1 that “individual thermal model can be refined and 

learned quickly with well-initialized thermal model”, it is important to evaluate if the differences 

of thermal comfort between different people is quantitatively large or not. If the differences are 

not large, the variance of thermal sensation/comfort from a number of people under the same 

thermal environments should be small. On the contrary, if the variance of thermal 

sensation/comfort is large relative to the mean, it may not be an easy task for the personalized 

system to adapt a new users’ thermal comfort model quickly based on the initialized thermal model. 

Moreover, if the results show that different people have similar thermal sensation patterns, it is 

also of great importance to verify that the initialized thermal models of the two subjects are 

representative. In other words, their individual thermal sensation patterns should be similar to most 

people and their instances can be seen as inliers.   

Figure 6 The RGB image and IR images of the two subjects 
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In order to analyze thermal comfort patterns among large amount of people, the subset of 

RP884 database with 5776 instances is used to quantify the differences with unsupervised 

clustering and time-series prediction. The following paragraph describes the methodology of 

clustering with the database and classification model of thermal sensation. Moreover, the 

experimental data will be used as evaluation set to see the performances of the prediction model 

and evaluate if the initialized individual thermal comfort system is representative.  

 

 Dataset structure: 

The codebook of original RP884 has 80 variables, including features and different metrics. 

However, many variables have missing values or were not measured at all. Therefore, the number 

of variables can be reduced to 10 and the following table below shows the codebook used in the 

research. The variable of ash is the classes that to be predicted.  

 
Table 6 Variables selected from RP884 

Variable's Code Name Description of Variable and Units 

ash ASHRAE Thermal Sensation Scale [-3, +3] 

met average metabolic rate of subject [met] 

insul clothing plus upholstery insulation [clo] 

taav average of three heights' air temperature [oC] 

trav average of three heights' mean radiant temperature [oC] 

velav average of three heights' air speed [m/s] 

rh relative humidity [%] 

dayav_ta outdoor average of min/max air temp on day of survey [oC] 

dayav_rh outdoor average min/max rel humid on day of survey [%] 

 

1. Feature selection: 

With random-forest-based feature selection, the features were ranked to see the 

relevance to the classes. Since the metabolic rate have relations with skin temperature, the 

variable of met collected in RP884 was replaced with cheek skin temperature in the experiment. 

 

2. Clustering with Gaussian Mixture Model (GMM): 

In order to quantify and visualize the differences of thermal sensations among different 

people under the same conditions, the research proposes the following procedures: 

1) Unsupervised clustering with GMM was implemented to cluster the feature space.  

2) Under the same feature space, analyze and plot the histogram of distributions of thermal 

sensations. 

 

3. Prediction of sensation from experiments with K-nearest neighbor (KNN) 

In order to validate the initialized thermal models are representative, it is proposed to 

use the experimental dataset as testing dataset and compare the prediction accuracy with the 

average cross-validated accuracy with RP884 dataset. If the accuracies are similar, the thermal 

model of the two subjects can be considered representative models and used as initialized ones. 

The proposed procedures are as below: 
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1) Randomly select one of the clusters from GMM and use 5-fold cross validation to train/test 

the thermal model with K-nearest neighbor and calculate the average accuracy A1. 

2) Use the same model to predict the thermal sensation of the two subjects participating in the 

experiment and calculate the accuracy A2. 

3) Compare A1 and A2. 

 

5.1.3 Non-intrusive personalized cooling system 

With the well-initialized thermal comfort model, the personalized cooling controller is able 

to control the cooling device automatically. In order to protect privacy and maintain cost-

effectiveness, the personalized system avoids using regular RGB camera and expensive IR camera 

as well as depth camera. Instead, the 8x8 thermal array called GridEye developed by Panasonic is 

applied into the system. Hence, the whole components in the personalized cooling system includes 

indoor air temperature and humidity sensor, indoor air velocity sensor, IR thermal array and the 

mini-fan whose efficiency is higher than the centralized cooling system. The current prototype of 

the personalized system is shown in the following figure (air velocity sensor will be added). The 

system is able control the duration of the mini-fan operation based on the thermal sensation 

prediction. Meanwhile, the user still has the right to override the control and the system will record 

the overriding actions.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Sensor calibration: 

Unlike IR camera such as FLIR B400 whose resolution is 240x180 pixels where each pixel 

measures a point temperature of the object surface, the resolution of thermal array is only 8x8 

pixels. Therefore, in order to measure cheek skin temperature correctly, the sensor is designed to 

be installed 0.5 meters away from the user so as to eliminate the error due to distance. Meanwhile, 

the thermal array is calibrated with the ground truth from IR camera. The sensor calibration follows 

the procedure below: 

1) Cool or warm the measured with object covered with electric tape whose emissivity is 0.95 

(the calibrated object needs have high emissivity close to 1) so that the object temperature can 

be distinguished from the environment temperature and the electric tape has the uniform 

surface temperature distribution.  

2) Use IR camera to take the photo of the object (figure 7) and measure the average temperature 

𝑇𝑟𝑎𝑑 of the tape surface with the camera at 0.5-meter distance. 

 

Mini-fan 

Thermal array 

Temperature/humidity 
sensor 

Micro-
controller 

Smart plug 

Figure 7 Prototype of personalized cooling system 
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3) Measure the temperature of the tape surface with the thermal array at the same distance and 

make sure that all pixels (𝑇11, 𝑇21 … 𝑇88) only measure the surface temperature of the electric 

tape, as shown in the figure.  

 

 

 

 

 

 

 

 

 

 

4) Calibrate the temperature of the all pixels with 𝑇𝑟𝑎𝑑. For instance, ∆𝑡11 = 𝑇11 − 𝑇𝑟𝑎𝑑. 

 

 Skin temperature detection: 

           Moreover, since the sensing system is installed at the desktop with an angle so that the 

non-intrusive thermal array can measure the cheek skin temperature. However, due to the view 

angle is around 7.5 degree and the distance between the sensor and the user is 0.5 meters, part of 

the pixels may measure the background temperature (i.e. temperature of the object surface behind 

the user). Therefore, a really simple yet effective skin temperature extraction is proposed such that 

the cheek skin temperature is estimated as the mean of 3x3 largest temperatures among these 64 

pixels. The following figure shows the one of the examples.   

 

 

 

 

 

 

 

 

 

 

 Wireless personalized system control: 

Last but not least, in order to keep cost-effectiveness, the micro-controller may not be able 

to compute thermal sensation prediction and select the proper action. Therefore, the wireless 

framework is proposed to realize the personalized system control within the same WIFI connection, 

which is shown in the following figure. Meanwhile, the sensor data as well as the actuator status 

will be stored into the database so as to update the thermal model of the user after a certain period.  

Figure 7 Electric tape (emissivity=0.95) Figure 8 IR image of the electric tape 

Figure 9 Output of the thermal array 

Figure 10 Example of skin temperature detection 
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5.1.4 Preliminary results: 

o Clustering: 

Four clusters are determined with BIC model selection method. The following 

figures show the thermal sensation distribution within each cluster. The figures show that 

under the similar conditions, most of participants have similar thermal sensation votes as 

neutral sensation. This indicates that people indeed have similar comfortable temperature 

ranges. However, due to limitations of the thermal environment ranges in the dataset, it 

cannot reveal the thermal sensation differences under uncomfortable conditions. 

 

 

 

 

 

 

 

Meanwhile, based on feature selection results, the top features among those 6 

variables, which are indoor air temperature, indoor air relative humidity and clothing 

insulation. The experimental data was then tested with K-nearest neighbor classifier trained 

with RP884 dataset based on those 4 variables. The following table shows the testing and 

Server 

command for user1 

command for user2 

Sensor data 

user 2 

user 1 

Figure 11 Example of wireless personalized cooling system framework 

Figure 12 Thermal sensation distribution of the four clusters 
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training accuracy differences with different amount of training data. The results show that 

the experimental dataset can be seen as subset of RP884 dataset so that the thermal model 

developed based on the experimental subjects can be seen as good initialized thermal model. 

 
Table 7 Differences between training and testing accuracy 

cluster1 0.60% 

cluster2 0.90% 

cluster3 0.64% 

cluster4 0.23% 

full 0.013% 

 

o Prediction results with experimental dataset: 

The following table shows the accuracies of thermal sensation prediction and that 

of comfort prediction. It can be observed that the accuracy of thermal sensation is different 

from that of thermal comfort, which indicates that unlike Bedford’s scale, thermal comfort 

should be different from thermal sensation. Based on the results, Random forest classifier 

has the best result and the following figures show the confusion matrices of comfort 

prediction and thermal sensation prediction with random forest classifier, respectively.  

 
Table 8 Accuracy of sensation and comfort prediction 

  
Accuracy of 

sensation 

Accuracy 

of comfort 

SVM 55.23% 36.05% 

Random forest 58.72% 40.12% 

kNN 53.50% 34.88% 

 
 
 
 
 
 
 
 

 

 
 
 
 
 
 

Figure 13 Confusion matrix of comfort prediction 

with RF classifier 
Figure 14 Confusion matrix of sensation 

prediction with RF classifier 
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6 Integration of personalized cooling system with centralized HVAC 

system (Next step) 

6.1 Methodology 

6.1.1 Experiments in controlled and simplified test-bed 

With the developed personalized cooling system, it is ready for integration with the 

centralized HVAC system in open plan offices. For regular temperature setting, the centralized 

HVAC system has cooling setpoint of around 23C (73F). If we implement the personalized cooling 

system with higher efficiency, the cooling setpoint of the centralized system could increase. 

Therefore, the overall energy performances could be improved.  

Based on sub-hypothesis 3, the experiment will be conducted in a simplified testbed where 

a total of 6 people will work in the same space equipped with a split/window air-conditioner, which 

controls the overall thermal environment. Meanwhile, the personalized cooling system will be 

operated dynamically and automatically to provide comfortable local environment. However, each 

of the occupants also has the right to control over their own personalized cooling system.  

Since the thermal model describes every individual thermal sensation, the prediction results 

can not only be used for controlling the personalized system automatically but also can be used for 

determining the setpoint of the air-conditioner in the shared space. In order to integrate the 

personalized systems with the air-conditioner, besides sensor data, the prediction results and the 

cooling device status will also be sent to the control system of the air-conditioner.   

The experiments in the test bed mainly aims to find out the maximum cooling setpoint that 

the air-conditioner could achieve by using the proposed integrated system for those 6 subjects. In 

order to do that, the following brief procedures are proposed to conduct the experiments: 

1) Initialize the temperature setpoint of the air-conditioner to be 23C. 

2) Increase the temperature setpoint until all of the participants feel uncomfortable. Record 

the temperature setpoints when each of them feel uncomfortable.  

3) Manually determine a threshold (i.e. 80% of occupants) to set the maximum acceptable 

temperature setpoint of the air-conditioner. 

4) Compare the energy consumption of the integrated system with the maximum acceptable 

temperature setpoint and that of the conventional air-conditioner under the same comfort 

level. 

5) Analyze the sensor data, thermal sensation prediction, cooling device status and the 

recorded setpoints to find out a strategy for automatically setting the setpoint of the air-

conditioner with data from all of the personalized systems. 

6) Implement the proposed strategy above by sending data from personalized systems to the 

control system of the air-conditioner to automatically determine the maximum acceptable 

temperature setpoint. 

7) Compare the energy consumption of the implemented system with the conventional air-

conditioner.  

 

6.1.2 Simulation of integrative personalized and centralized HVAC system 

Moreover, since the test bed only involves a split/window rather than real centralized 

HVAC system such as VAV, an energy simulation coupled with CFD simulation will be conducted 

to provide recommendations for real implementation of such integrative personalized cooling and 

centralized HVAC system in the real open plan office buildings.  
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7 Expected Deliverables 

 Individual thermal models with experimental data; 

 Individual thermal models with RP884 database; 

 Non-intrusive personalized cooling system; 

 Experimental studies on the simplified integration of the personalized cooling system and the 

zone-level HVAC controls; 

 Simulations of the proposed personalized cooling system with the centralized VAV system; 

8 Timeline 

Month Tasks 

2018/6 
Conduct experiments in an air-conditioned room to 

evaluate the performance of the integrated system 
2018/7 

2018/8 

2018/9 Literature review of thermal comfort simulation with 

CFD 

2018/10 

Integrate thermal comfort simulation with CFD 2018/11 

2018/12 

2019/1 

Dissertation  
2019/2 

2019/3 

2019/4 
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