
 
 

Human in the loop: 

A bio-sensing and agent-based approach for  

personalized thermal comfort controls in offices 

 

Chenlu Zhang 

Ph.D. Thesis Proposal 

School of Architecture 

Carnegie Mellon University 

Pittsburgh, PA, USA 

 

Thesis Committee: 

Vivian Loftness (Chair), FAIA, LEED AP 

University Professor, Andrew Mellon Professor, Paul Mellon Professor 

School of Architecture, Carnegie Mellon University  

Sivaraman Balakrishnan, Ph.D. 

Assistant Professor  

Department of Statistics, Carnegie Mellon University  

Ömer Tugrul Karaguzel, Ph.D., WELL AP 

Assistant Teaching Professor  

School of Architecture, Carnegie Mellon University  

Azizan Abdul-Aziz, LEED AP 

Assistant Research Professor  

School of Architecture, Carnegie Mellon University  

Bertrand Lasternas, PE  

Associate Director 

School of Design and Environment, National University of Singapore 

 

May 4, 2018



i 
 

ABSTRACT  

A comfortable indoor thermal environment plays a crucial role in preserving 

occupant health and productivity. Today, in most office buildings, thermal comfort is 

regulated only by indoor temperature and schedule-based rules. While prevalent, this 

control strategy has resulted in low thermal satisfaction rates. A growing number of 

researchers are focusing on the development of personalized thermal comfort models 

through feedback to establish individual-specific thermal comfort requirements for 

occupant-centric controls. However, the strengths of these personalized thermal comfort 

models are compromised for negotiated control in shared multi-occupant spaces. 

Therefore, this thesis proposes an agent-based framework for personalized thermal 

comfort control to place the human-in-the-loop by continuously integrating occupant bio-

signals, subjective feedback and environmental conditions into the operation of different 

heating and cooling systems. 

The agent-based framework is built upon personalized thermal comfort models 

and control agents, that can flexibly represent the individuals in negotiated controls. The 

personalized control agent uses a reinforcement learning approach for optimal control 

and learning through interaction. It establishes individual control preferences related to 

thermal comfort to initiate the best control actions on behalf of an occupant, given the 

constraints of the building systems. The negotiations of preferred control actions between 

occupants will maximize collective comfort and minimize energy.   

The proposed framework integrated bio-sensing and reinforcement learning 

agents for personalized thermal comfort control in offices will contribute to improvements 

in controlling building systems that deliver occupant thermal comfort, with benefits for 

health and productivity. The human in the loop research will address the range of 

controllability options from personalized settings in individual occupant spaces to 

negotiated settings in multi-occupant spaces. 
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1. Introduction: Problem Statement 

 

The importance of the indoor comfort to human health, productivity, and well-being 

has been emphasized in many researches (Samet, et al.,2003; Parsons, 2014).  Indoor 

comfort is comprised of four basic aspects: thermal, visual, acoustic and air quality. 

Thermal comfort has been ranked by building occupants as the most important 

determinant of overall indoor comfort (Frontczak and Pawel, 2011).  Today, in most office 

buildings, thermal environment is regulated only by indoor temperature and generic 

schedule-based rules.  While prevalent, this control strategy has resulted in low thermal 

satisfaction rates (Huizenga, et al., 2006) with no data gathered on occupants’ 

requirements. To change this “one-size-fit-all” comfort management, this thesis advances 

the paradigm for enhanced occupant-centric controls with the objective of delivering 

personalized thermal comfort by addressing the following critical challenges for typical 

office buildings:  

First, thermal comfort is defined by ASHRAE-55 (2013) as “the conditions of mind 

that expresses satisfaction with the thermal environment”. It is a complex subjective 

response, requiring a broader set of environmental and personal factors to be considered. 

Previous methods for thermal comfort control are based on models aggregating personal 

differences (e.g., PMV, SET, adaptive model, etc.). Some inputs of the models are 

impractical to collect (e.g., clothing insulation). The common easy-to-collect inputs are not 

adequate for thermal comfort prediction. Therefore, in addition to the commonly 

accessible environmental variables, bio-signals that are effective for prediction and easy 

to measure should also be integrated into thermal comfort control loop.  

Second, occupants’ thermal responses to environment are neither static nor 

consistent. They are changing with physiological and psychological conditions.  The 

thermal comfort models trained by a fixed set of data have been criticized because they 

are not able to adapt to occupants with dynamic occupant response. Today, online 

learning or continuous learning techniques can be leveraged, so that the models can 

dynamically adapt to on behalf of an occupant in a specific field setting. Since this 

adaptive learning requires large amount of data over time, prior-knowledge of individual 
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comfort conditions and pre-trained models would accelerate the learning process to 

certain extent. The advanced online learning algorithm that guarantee a short learning 

time and stable performance should be investigated.  

Third, the strengths of personalized thermal comfort models are compromised if 

apply to shared multi-occupant spaces. A common practice of negotiating the 

requirements conflict in a group of occupants are taking the average. Therefore, in shared 

spaces, a group thermal comfort model would be a better option since it can predict group 

thermal comfort simultaneously. However, a central control model is inflexible for variation 

of occupant presence.  

Last, in most office buildings, the controllable systems for thermal comfort are 

limited to setpoints for HVAC (Heating, ventilation and air conditioning) systems, shading 

systems, and windows. In traditional offices, the temperature setpoints are the only 

variables that support automatic control. There are more and more controllable systems 

in modern offices, an integrative control of these systems will effectively improve thermal 

comfort.  

To address these hurdles, this research proposes to establish a thermal comfort 

control framework that can taking environmental variable, bio-signals, and subjective 

response and control heating and cooling systems in an integrative way. An advanced 

optimal control algorithm, reinforcement learning, will be used to optimize thermal 

comfort. A multi-agent technique will be adopted so that the control framework can be 

flexible and reconfigurable for changes in occupant presence.  
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2. Literature Review of Sensing, Models, and Controls for Thermal Comfort 

 

In this section, this thesis first summarizes significant thermal comfort variables, 

then reviews conventional and state-of-art sensing technologies for measuring the 

variables. The controllable system for thermal environment regulation is also 

summarized.  Methods and algorithms for thermal comfort model and building controls 

are compared. Their pros and cons are concluded to support the development of 

personalized thermal comfort control systems.   

 

2.1 Variables and Sensing Technologies for Thermal Comfort  

 

Thermal comfort can be estimated from a broad set of variables, including 

environmental factors, personal factors, physiological responses, subjective or behavior 

response, as shown in Figure 1. The six primary thermal comfort factors are air 

temperature, radiant temperature, humidity, air speed, clothing insulation and activity 

level (Fanger, 1970). In addition, outdoor weather affects occupants’ preference to indoor 

conditions through adaptation (De Dear et al., 1998). Occupants’ physiological 

responses, including skin temperature of different body parts, skin wettedness or sweat 

rate, peripheral blood flow and heart rate (Kurz et al., 2008; Fanger, 1970; Gagge et 

al.,1986; Zhang, Hui, et al; 2010), would be more effective predictors for thermal comfort 

if they can be precisely detected. Besides, occupants’ behavior, such as changing cloths, 

operating windows, adjusting thermostat, and so forth indirectly reflect their feeling to 

environment. Occupants are also encouraged to directly report their feedback, which are 

often used as the ground truth for thermal comfort prediction.  This thesis will integrate 

the variables that effective for prediction and easy-to-collect into thermal comfort control 

loop. 
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Figure 1 Thermal Comfort factors and indicators 

 

Today’s sensing technologies have created the opportunities to measure or detect 

all above mentioned variables, although some of them are still in its infant stages. In 

traditional office buildings, thermostat is the only component that support thermal comfort 

monitoring. By assuming that one thermal zone has similar thermal environment, 

thermostat only senses temperature at zone level. With the availability of low-cost, high 

performance sensors and network infrastructure, wired and wireless indoor 

environmental sensor networks have been deployed in more and more modern office 

buildings. The network has dense sensor nodes and one sensor node fuses diverse 

sensors, e.g., air temperature sensor, relative humidity sensors, etc. (Kojima, 2011). It 

enables more accurate and comprehensive evaluation of indoor thermal environment and 

supports the indirect assessment of thermal comfort. Thanks to the pervasive and 

ubiquitous mobile devices nowadays, occupants can directly change their thermal 

preferences through the mobile apps, which communicate to the building automation 

systems (BAS) (Nouvel et al., 2013; Yang et al, 2012). This sensing strategy is named as 
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participatory sensing by certain researchers (Jazizadeh et al, 2012; Lam et al.,2014). 

Sparse and non-continuous participation is the limitation of participatory sensing.  

To allow continuous assessment of thermal comfort, researchers are investigating 

the technology to less-intrusively monitor occupants’ physiological response. Wearable 

devices, such as smart wrist bands and glasses, are developed to support the application 

of bio-sensing. The manufactured wrist bands, such as Fitbit Charge HRTM and Microsoft 

Smart Band 2TM, have been applied in offices for research to monitor occupants’ activity 

levels, wrist skin temperature and heart rate (Hansan et al., 2016). Moreover, researchers 

developed wrist bands especially for thermal comfort monitoring (Sim et al.,2016; Sim et 

al., 2018). Sim et al. (2016)’s bands measure skin temperature of radial artery, ulnar artery 

and upper wrist. The bands of Sim et al. (2018) is for wrist sweat rate measurement. In 

addition to wrist bands, glasses with infrared sensors measuring face skin temperature 

was developed by Ghahramani et al. (2016). One possible limitation of wearable devices 

is its applicability. Not all occupants are willing to wear these devices. Researchers are 

seeking for non-contact and non-intrusive approaches, such as computer vision (CV). 

One recent example is Jazizadeh et al. (2018), who used RGB cameras and 

Photoplethysmography (PPG) techniques to capture occupants’ thermoregulation state. 

Although CV can be non-intrusive if privacy is handled properly, its accuracy for detecting 

physiological conditions is not yet promising. The sensing technologies that provide 

accurate measurement and have low cost will be selected by this thesis. 

 

2.2 Controllable Systems for Thermal Comfort  

 

The systems for thermal comfort regulation are building-specific, including auxiliary 

heating/cooling systems, shading systems, windows. They can be categorized as 

centralized systems, local systems, and individual systems. Centralized systems, such 

as centralized HVAC (heating, ventilation, and air conditioning) systems, serve multiple 

work spaces (Bhatia, A, 2011). Their control can be at a supervisory level or a local level 

(Dounis, et al., 2009). For the supervisory level, the temperature setpoint of a thermal 

zone is adjusted by “supervisors”. For a local level, different HVAC components, such as 
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air damper and variable speed supply fan, are controlled to reach the supervisory 

setpoint. For example, the positions of zone air damper are controlled to change the flow 

of supply air. Decentralized systems typically serve single or small spaces. Some 

examples of decentralized air conditioning systems are packaged thru-the-wall 

conditioners, window air conditioners, and commercial outdoor packaged systems. This 

thesis also groups shading devices, ceiling fans, radiators (heating), and such local 

systems into decentralized systems. The individual systems serve a single occupant and 

can be fully controlled by the occupant. Some individual systems, such as portable heater, 

improve overall thermal comfort; some others, such as heated chair, foot warmer, palm 

warmer, and so forth, improve local thermal comfort. Effectively coordinate different 

controllable systems will greatly prompt to thermal comfort and energy efficiency.  

 

2.3 Thermal Comfort Model 

 

Thermal comfort models predict occupants’ thermal comfort responses or comfort 

zones of environment. Several well-known classic thermal comfort models and some 

personalized thermal comfort models are reviewed in this section.  

 

2.3.1 Classic Thermal Comfort Models 

 

The most widely adopted thermal comfort model is Fanger’s (1970) PMV 

(predicted mean vote) model. It relies on two theories: a necessary condition for thermal 

comfort is heat balance, for which the internal heat production should be equal to the heat 

loss from a body; a sufficient condition for thermal comfort is that the mean skin 

temperature and sweat secretion inside narrow limits. It was developed using data from 

extensive chamber studies with more than one thousand participants and links the PMV 

index with six factors, which are air temperature, mean radiant temperature, relative 

humidity, air velocity, clothing insulation, and activity level, i.e. metabolic rate. This model 

was proven to be accurate for building occupants in near-sedentary activity and steady-
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state conditions (Doherty et al., 1988; De Dear et al., 1998). It was adapted by the 

ASHRAE (The American Society of Heating, Refrigerating and Air-Conditioning 

Engineers) thermal comfort standards to build the standard thermal comfort zones when 

air velocity is lower than 0.2 m/s (Figure 1). It is considered by this thesis as a very 

important benchmark or starting model to determine comfort zone for the sealed, 

mechanically controlled office buildings. 

Another widely used comfort model is the Pierce two-node model developed by 

Gagge et al. (1986). It models the human body as two concentric cylinders, the inner one 

representing the body core and the outer one representing the skin shell. Although both 

PMV model and two-node model use the heat balance equation as the means of deriving 

the physiological parameters underlying thermal comfort, the PMV model doesn’t 

explicitly estimate the actual value of the physiological parameters, while the two-node 

model estimates the skin temperature, core temperature, and skin wittedness. These 

physiological parameters can then be used to estimate the thermal comfort indices, such 

as SET (standard effective temperature), DISC (thermal discomfort index) and TSENS (7 

scales thermal sensation index). Although an evaluation study has shown that the two-

node model tended to underestimate skin wittedness and core temperature and 

overestimate skin temperature (Doherty et al., 1988), it is useful for calculating the effect 

of elevated air speed (ASHRAE-55, 2013). It is considered by this thesis as a potential 

starting model for office buildings with ceiling fan system.  

To build a model that is more applicable to the actual workplace, especially for the 

naturally ventilated buildings, De Dear et al. (1998) developed the adaptive model using 

21,000 sets of field data from 160 buildings worldwide. The adaptive approach suggests 

that human can adapt to the environmental stimulation by behavioral adjustment (e.g., 

changing clothing and opening windows), physiological adaptation (e.g., acclimatization) 

and psychological adaptation (e.g., temperature expectation). To take adaptation into 

account, De Dear modeled the adaptive relationships between indoor comfort and 

outdoor climate and concluded a pair of variable temperature standard, one for 

mechanically controlled buildings, another for naturally ventilated buildings. The latter was 

given as a linear regression model describing the correlation between optimum indoor 
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temperature and outdoor temperature. This model was also adopted by ASHRAE-55 for 

naturally conditioned spaces. The range of optimum indoor temperature derived from this 

model was about twice larger than that estimated by the PMV model (De Dear et al., 

1998). The larger acceptable temperature range grants more flexibility for building 

controls with the goal of energy saving. However, the biggest limitation of it is ignoring the 

six important factors of thermal comfort (Fanger et al., 2002).  

To overcome the limitation of the PMV model, two-node model and adaptive 

model, many research tried to build models that combine the heat balance theories and 

adaptive approach. Among them, ePMV and aPMV are two most well-known ones. The 

ePMV model (Fanger et al., 2002) multiplies the original PMV index with an expectancy 

factor, e, that varies between 1 and 0.5, to better approximate the actual mean vote of 

occupants of naturally conditioned spaces in a warm climate. The aPMV model (Yao et 

al., 2009) uses an adaptive coefficient, λ, to incorporate the adaptive factors into the 

original PMV model. These models are often used to benchmark new models. 

 

2.3.2 Personalized Thermal Comfort Models 

 

A broad set of field studies have demonstrated individual differences in thermal 

comfort due to different gender, age, weight, height, historical thermal experience, 

economic level and so forth (Karjalainen et al., 2012; Indraganti et al., 2010, 2015). 

Hence, personalized thermal comfort models predicting individuals’ thermal comfort have 

been given special emphasis. However, the classic thermal comfort models are 

aggregated models and not accurate when applied to individuals or a small group of 

occupants.  This thesis provides a review of literatures relevant to personalized thermal 

comfort models, which have diversities in input variables, outputs, modeling algorithms, 

evaluation metrics, and continuous learning methods, as summarized in Table 1.   
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Table 1 Summary of literatures relevant to personalized thermal comfort model  

 

 

 

 

Ta: Air Temperature, Tr: Radiant Temperature, Va: Air Velocity, RH: Relative Humidity, Tout: Outdoor Temperature, Clo: Cloth Insulation, AL: 

activity level, Met: Metabolic Rate or Activity Level, A: Age, G: Gender, W: Weight, H: Height, Tskin: Skin Temperature, Hrate: Heart Rate, 

Cskin: Skin Color 

3-scale: Cool discomfort, Comfortable/neutral, Warm discomfort.    

7-scale: Cold, Cool, Slightly Cool, Neutral, Slightly Warm, Warm, Hot.  9-scale:  add very cold and very hot 



10 
 

This thesis furtherly compared the methods of personalizing thermal comfort 

models, implementing domain knowledge, and adopting initial models that accelerate 

learning process. 

There are mainly two approaches to personalize thermal comfort models. One 

approach is incorporating personal identifier, such as age, gender, weight, height, and 

race into the thermal comfort model. This type of model need to be trained by data from 

many different occupants and personalization is credited to different inputs. Examples 

can be found in Chaudhuri et al. (2017), Hasan et al. (2016), an Lam et al. (2014). In 

contrast, another approach is creating an thermal comfort model for each individual 

occupant and training the model using individual data. In this case, the value of model 

parameters or even the model structure are different for different occupants, so the 

personalization is credited to the model itself. Since a small individual model require less 

data to train, the second approach is preferred by most researchers. One type of the 

individual models quantifies the relationship of the environmental variables and individual 

thermal comfort levels. For instance, Liu et al. (2007) built a neural network to classify 

thermal comfort levels based on indoor air temperature, radiant temperature, air velocity 

and relative humidity. Instead of thermal comfort classification, Ghahramani et al. (2015) 

and Daum et al., (2011) built indoor temperature models for each different comfort levels. 

Ghahramani et al. (2015) used three Gaussian distributions for uncomfortable cool, 

comfortable and uncomfortable warm separately, while Daum et al., (2011) built three 

logistical regressions. Furthermore, another type of individual models maps the 

physiological variables to thermal comfort levels. Skin temperature are the most 

extensively studies one. Different features of the skin temperature have been 

investigated, including skin temperature of different body parts (Zhang, Hui, et al., 2010; 

Choi, et al., 2012), mean skin temperature (MST) (Höppe, 2014), gradient of MST within 

a time interval (Zhang, Hui et al., 2010), gradient of skin temperature at different locations 

(Sim et al., 2016; Dai et al., 2017), the deviation of skin temperature and neutral skin 

temperature (Zhang, Hui et al., 2010),  and heat loss estimated from MST (Liu et al., 

2014). In addition, Höppe (2014) pointed out that air speed is more important for thermal 

comfort at higher sweat rate. Heart rate is an effective indicator for activity level in warm 

conditions Choi, et al. (2012).   
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The ways of implementing domain knowledge, such as heat balance theory and 

thermoregulation, into the development of comfort model can be concluded as: input 

variable determination and model structure design. After determining the inputs, various 

machine learning techniques and statistical models can be applied to build the thermal 

comfort models. In addition to above mentioned neural network, Gaussian distribution, 

and logistic regressions, support vector machine (SVM), K-nearest neighbors(KNN), 

linear discriminant analysis (LDA), linear regression and decision trees have also been 

investigated (Chaudhuri et al., 2017; Ghahramani et al., 2015). These models were 

trained by data and model structures were determined during training process. In 

contrast, Lam et al., (2014) and Auffenberg et al.  (2015) designed the structures of the 

comfort models using domain knowledge. In Lam’s model (2014), thermal comfort is 

equal to heat generation plus heat loss. The heat generation has a linear relationship with 

Estimated Energy Requirement (EER), which is calculated based on the personal factors 

of age, gender, weight and height. The heat loss is a function of indoor and outdoor 

temperature. Auffenberg et al.  (2015) designed a Bayesian network that pre-defined the 

connection of six user-specific input variables. These inputs are the base temperature 

describing a user’s theoretical comfort temperature, humidity effect, behavioral 

adaptation related to outdoor weather, heat gain and heat loss adaptation, seasonal 

adaptation, and thermal sensitivity. This type of model explicitly describes the structural 

relationship among inputs and outputs.  

All the thermal comfort models are data-driven models, although domain 

knowledge has been used. If personalized thermal comfort models are expected to 

perform reasonably in various conditions, like winter, summer, rainy days, or sunny days, 

large amount of data is required to train the model. If long-term data is not available from 

an individual, a starting model can be used as a complementation and on-line learning 

techniques should be applied to gradually adapt the starting model to a personalized 

model with more and more incoming data.  Daum et al., (2011) built a general starting 

comfort profile using data from a group of uses, then adapt it to each user.  Liu et al., 

(2007) demonstrated that a neural network trained by sample data from one user with 

one kind of clothing and activity level can effectively adapt to the same user with other 

kind of clothing and activity level, and can also effectively adapt to other users. Novel et 
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al. (2012) used the deviation between personal feedback and PMV calculated feedback 

to update the effect of metabolic rate and built personalized PMV model.  The Industry 

(e.g., Nest, Comfy, etc.) are leveraging techniques to adapt the control strategies based 

on occupants’ new feedback and behavior. Furthermore, there are two types of on-line 

learning techniques, update-learning and re-learning. For updated-learning, old model 

are kept and constantly updated based on the newest observation.  Re-learning the entire 

model from scratch yields better results at the cost of speed (Bauer et al., 1997).  

 

2.4 Intelligent Building Control  

 

Although the primary control objective of this research is thermal comfort 

optimization, to gain more insights from the building automation, a broader range of 

literatures related to intelligent building control has been reviewed.  They have diversities 

in control objectives, controlled variables, and methods and algorithms, as summarized 

in Table 2.  
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Table 2 Literature summary of building controls with artificial intelligence 
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2.4.1 Control with Artificial Intelligence  

 

Conventionally, the supervisory control schema is schedule-based with no 

consideration of human preferences. For example, temperature set point is 20 ℃ from 7 

am to 6 pm during heating season. Moreover, the set points are maintained by on/off 

control and bang-bang control (i.e., thermostat with dead zone), which often result in huge 

energy wastage due to frequent overshoot of the set point (Shaikh et al., 2014). The 

classic controller, PID (Proportional, integral, derivative), could reduce overshoot 

because its derivative term can lower the rate of error (difference of process value and 

set point) and flatten the action trajectory. Its integral term is capable to force the PID 

controller to reach the setpoint timely by summing the instantaneous error over time. 

However, if the gains of P, I, and D terms are improperly selected, the PID controllers 

alone could make the entire system unstable (Zhong, 2006). Hence, various artificial 

intelligence algorithms have been applied to overcome the drawback of conventional 

control.  Several popular algorithms in building controls are fuzzy control, neural network, 

and genetic algorithm (GA). 

Almost all algorithms have pros and cons, in addition to exploiting one single 

algorithm, researchers tended to combine the advantages and overcome the 

disadvantages of different algorithms for building controls. Jazizadeh et al. (2012) and 

Ghahramani et al. (2014) applied the fuzzy system to build personalized comfort profiles 

that map thermal preferences to ambient temperature. Fuzzy systems have the strength 

in handling the cases of partial truth using membership function, but one obvious 

weakness of it is that, prior expert knowledge is required to build the fuzzy rule sets. If 

prior knowledge is incomplete or incorrect, the fuzzy system must be tuned. The tuning 

processes are time-consuming and error-prone (Kruse, 2008). For complex HVAC 

control, GA was extensively adopted to tune the fuzzy system. The GA considering 

various HVAC constraint was proposed by Alcalá, et al., 2003. In addition, fuzzy system 

and GA together can also be used to perform optimal control, where GA calculates 

optimum set points and fuzzy system maps the set points to controlled variables 

(Kolokotsa, D., et al.,2002).  Like fuzzy systems, artificial neural networks (ANN) 
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represent complex non-linear relationship. But ANN are preferred to fuzzy systems 

because they are trained by observed data instead of prior expert knowledge. An example 

of combining neural network and classic P controller can be found in Liu, et al. (2007).  

However, ANN have two recognized limitations for building controls. One is that a lot of 

observed data are required to make ANN come into play. Another is that it is not 

straightforward to extract the comprehensive rules in the network (Kruse, 2008). To 

combine the strength of fuzzy systems and ANN, the neuro-fuzzy systems were 

introduced. In the case of cooperative neuro-fuzzy systems, ANN learn parameters from 

fuzzy system either off-line or on-line. In the case of hybrid neuro-fuzzy system, ANN and 

fuzzy system are fully fused. For example, Lu, et al (2005) implemented a hybrid neuro-

fuzzy system to find variable pressure set points for fan and pump given mass flow rate 

of chilled water, where fuzzy rules and variables were treated as neuros.  

Aiming to occupant comfort and energy efficiency optimization, the optimal control 

methods, model-based predictive control (MPC) and reinforcement learning (RL), have 

been applied to building control. MPC uses dynamic models of process and prediction on 

disturbance (variation in occupancy and outdoor weather) to determine the optimal open-

loop control sequence over a short-time future horizon by minimizing an objective 

function. It has been shown in a variety of simulation-based research that MPC has outer-

performed other control methods for energy saving because it considers future 

disturbances and exploits building dynamics (Shaikh, et al., 2014). Its major drawback is 

that the computational burden may prevent it from real-time implementation (Lamoudi, et 

al., 2011). The reinforcement learning method can be either model based or model free. 

Mode-based RL solves a Markov decision process. While in mode-free RL, a RL agent 

keeps interacting with a simulated or a real environment to learns the optimal control 

policies by maximizing a reward function. Several RL algorithms used in building controls 

is discussed and compared as follows: Liu and Henze (2006) implemented the tabular Q-

learning to control zone air temperature setpoint and thermal storage discharge rate for 

cost saving.  In which, the state-action value function is a massive lookup table.  The 

performance of the tabular Q-learning tends to be poor when the dimensionality of the 

state-action space is increased. Dalamagkidis, et al., (2007) used linear function to 

approximate action-value function to control heat pump, ventilation subsystems and 
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windows. The reward function synergized the objectives of energy efficiency, thermal 

comfort and air quality. Vázquez-Canteli et al., (2017) used neural network to approximate 

the state-action value function to minimize energy consumption and maintain a target 

indoor temperature. RL agent learns through both exploration and exploitation. During 

exploration process, RL agent may take unacceptable actions, which is one major 

drawback of model-free RL.  

 

2.4.2 Control with Decomposition  

 

The decomposability of problems in building controls is quite nature (Lamoudi et 

al., 2011) because building controls require simultaneously complete multiple tasks and 

reach multiple objectives.  With increased requirement on comfort and energy efficiency, 

it seems unwise to leave the burden of building controls on a single central controller. 

Break a complex problem into several sub-problems can split the burden among problem 

solvers. To split the computation load, Lamoudi et al. (2011) designed a distributed MPC 

system, which has a zone layer and a coordination layer. In the zone layer, one model 

predictive controller is only responsible for temperature adjustment in one zoon. The 

coordination layer’s job is optimally dispatching resources between zones. Other 

distributed MPC examples can also be found in Moroşan et al. (2010) and Ma, Yudong, 

et al. (2011). In addition, researchers also adopted the multi-agent system (MAS) to 

building controls. Like, distributed control, MAS also divides one problem into several 

subproblems, which are dealt by their representative agents. Boman,et al. (1998) 

designed a MAS, where agents represents different entities of a building, such as 

occupants, rooms and environmental parameters. In the MAS of Hagras, et al. (2003), 

agents correspond to different objectives including comfort, cost and safety. Furthermore, 

in addition to computational efficiency, other benefits of distributed control and MAS, like 

reliability, re-configurability and responsiveness, are worthy to mention.  
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3. Research Objective and Hypotheses 

  

This thesis aims to changing the conventional “one-size-fit-all” comfort management and 

delivering personalized thermal comfort to occupants for current and future office 

buildings. A reconfigurable thermal comfort control framework will be developed with 

three important components:  

• Personalized self-leaning thermal comfort models: each model predict thermal comfort 

levels for the occupant it represents and gradually adapts to improve its prediction with 

respect to the changing thermal environment and occupant.  

• Personalized reinforcement learning (RL) control agents: each RL agent will generate 

preferred control actions for the occupant it represents and adapts to optimize its 

behavior through interacting with thermal environment and occupant.  

• Negotiator: the negotiator will negotiate conflict of control preferences and coordinating 

controllable systems to make final control decisions. 

The three components working with personalized wireless sensing networks and building 

automation systems or systems that can electrically receive actuation commands (e.g., 

Plugwise) forms the thermal comfort control loop, as shown in Figure 2. 
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Figure 2 The thermal comfort control loop formed by personalized wireless sensing network, personalized thermal comfort control 

systems, and automation system
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The deliverables of this research addresses four hypotheses: 

 

 Hypothesis: 

The personalized thermal comfort control framework with personalized thermal comfort 

model, personalized RL control agents, and negotiator, taking the inputs of thermal 

environmental and occupant physiological response and integrative controlling heating 

and cooling systems, will effectively maximize thermal comfort and minimize energy 

consumption.  

 

Sub-hypothesis 1:  

Learning speed: the prediction accuracy of the proposed model will increase with more 

samples and converge after trained by enough samples.  

 

Sub-hypothesis 2:  

Accuracy: After converging, the proposed model will achieve higher accuracy, 

comparable to PMV model.  

 

Sub-hypothesis 3:  

The building operated by control policies generated by personalized RL control agent 

will guarantee that the percentage of thermal comfort not meet times of each occupant 

is less than 20%. 

 

Sub-hypothesis 4:  

The building operated by control policies generated by negotiate will guarantee that the 

percentage of thermal comfort not meet times is less than 20% for 80% of occupants. 
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4. Methodology of the Personalized Thermal Comfort Control Framework 

 

The development and validation of thermal comfort control framework can be summarized 

by six major tasks. Task 1 is the development of personalized wireless sensing network. 

Task 2 includes investigating the control options in two test rooms, which are Margaret 

Morrison Carnegie Hall 409 at Carnegie Mellon University (CMU) and a room in Net-Zero 

Energy building at National University of Singapore (NUS). Task 3 involves developing 

and training the personalized self-learning thermal comfort model.  Task 4 develops and 

trains the personalized control agents and negotiator.  Task 5 is human subject 

experiments in two test buildings, where data will be collected to train and test the 

personalized thermal comfort control framework. Task 6 is validation experiments for the 

control framework. Figure 3 illustrates the steps for completing the tasks.  

 

Figure 3 Flow Chart of Tasks 
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4.1 Personalized Wireless Sensing Network 

 

After evaluating different sensing technologies based on their intrusiveness, cost, 

detection accuracy, this research proposes a wireless sensing network integrating 

environment sensing, bio-sensing and participatory sensing, as shown in Figure 4. For 

environment sensing, environment sensor kits were constructed by the research group. 

The kit includes a ESP8266 WIFI serial wireless module, an air temperature sensor and 

a relative humidity sensor. Other environmental sensors can be easily plugged into the 

sensor kit. For bio-sensing, Microsoft Smart Band 2TM is used to measure occupant skin 

temperature and heart rate. For participatory sensing, occupants can report their thermal 

sensation, satisfaction or preferences using either Microsoft Smart Band 2TM, smart 

phone or laptop. All the measurement is transmitted to a Flask server and saved in a 

influxDB database.  

 

Figure 4 Personalized Wireless Sensing Network 

Although robustness and reliability of a sensor network is very important for 

continuously and precisely sensing, they are not the focus of this research.   
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4.2 The Controllable Systems in Proposed Research  

 

A pilot study will be conducted in a room at CMU (Figure 5, left). The control options 

of the room are turning on or off four heaters. PlugwiseTM will be used as the heaters’ 

on/off actuator. During the control process, the personalized thermal comfort control 

framework will send control commands to Plugwise server through WiFi signals, which 

will dispatch the commands to each on/off actuator through ZigBee signals.  

In addition, a field study will be conducted in a room of Net Zero Building of NUS 

(Figure 5, right). The room has four Haiku ceiling fans with seven adjustable speed. The 

HVAC of the building is a VAV (variable air volume) system. During the control process, 

the personalized thermal comfort framework will communicate with Haiku WiFi Modules 

and the building automation systems to adjust fan speed and temperature setpoint.  

 

Figure 5 The controllable systems in proposed research (left: CMU; right: NUS) 

 

 

 



23 
 

4.3 Personalized Self-Learning Thermal Comfort Model 

 

This research will create a personalized self-learning thermal comfort models for 

an occupant to evaluate his or her thermal comfort.  The inputs of the model are selected 

from indoor and outdoor air temperature, indoor and outdoor relative humidity, indoor air 

velocity, indoor radiant temperature, wrist skin temperature and heart rate. The outputs 

of the model will be either thermal sensation, thermal satisfaction or thermal preferences. 

The model used in the personalized thermal comfort control framework will output thermal 

comfort levels, i.e. the degree of satisfaction. The inputs and outputs data will be collected 

from each occupant to enable personalization. However, as mentioned in section 2.3.2, 

since a thermal comfort model is data-driven, it requires large amount of data so that 

there can be reasonable outputs in different situations, e.g., different outdoor conditions. 

Thus, this research proposes using an initial generic model to overcome the issues 

caused by limited data. The initial generic model will pre-learn from existing classic 

models, such as PMV and SET model, or be pre-trained by other people’s samples, like 

RP-884. The initial generic model will adapt to a personalized model by updated training 

using individual data. Different classification algorithm, including neural network and 

Bayesian network, will be investigated to build the model. The flow chart of the learning 

process is illustrated in in Figure 6.  

 

Figure 6 The leaning process for personalized thermal comfort models 
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4.4 Personalized Control Agent and Negotiator 

 

In this research, the reinforcement learning (RL) will be a candidate for create the 

personalized control agent. RL is a computational approach for learning from interaction. 

The goal of a RL agent is maximizing a reward by taking the actions yield the most 

rewards. After enough interaction, an optimal mapping of situations to actions, such as 

optimal policies or action-value functions, will be learned by the RL agent. The detail 

explanation of RL can be found in Sutton (1998).  In this research, the situation or state, 

that the personalized control agent will observe will be selected from current and future 

outdoor thermal environment, indoor thermal environment of individual workplace, and 

physiological responses of occupants. The actions that an agent will take should be pre-

defined based on the available control options in a specific building. Table 3 shows the 

actions for CMU case. For NUS case, the actions will be 8 adjustable fan speeds 

(including fan off) at certain temperature setpoint. The rewards will be the individual 

thermal comfort levels generated by the personalized self-learning thermal comfort 

models in real time.  

 

Table 3 Control actions of personalized control agents at CMU 

Actions Heater 1 Heater2 Heater3 Heater4 

0 off off off off 

1 on on off off 

2 off off on on 

3 on on on on 

 

Among many RL algorithms, Q-learning will be chosen because it is a “model free” 

RL and the action-value function can be updated to approach optimum every interaction. 

In addition, the action-value function will be approximated by a neural network. An 

experience data-set will be built for each agent and used as its memory. Domain 

knowledge will be utilized to avoid agent taking obvious unreasonable action.   In short, 
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the personalized control agent in this research will have objectives, perception, learning 

ability, actions, memory and domain knowledge.   

The actions generated by the personalized control agents are preferred but 

inactive. Negotiator agents will negotiate among the preferred actions of all occupants 

and select the actions that can maximum thermal comfort of all occupants.  

 

4.5 Human Subject Experiments  

 

To test individuals’ responses under different temperature and air velocity, two 

human subject experiments will be conducted at CMU and NUS separately. These data 

will be used to train the thermal comfort models and control agents. 

 

4.5.1 CMU MMCH 409 

 

The human subject experiment at CMU was conducted from February 19th, 2018 

to April 11th, 2018. Six graduate students of CMU, participated in the experiment 

voluntarily. Their information is in Table 4.  

Table 4 Six subjects of the human subject experiment at CMU 

ID User1 User2 User3 User4 User5 User6 

Gender Female Female Female Male Male Male 

Age 23 24 24 25 24 24 

Average Clo 1.01 1.01 1.01 1.01 1.01 0.72 

 

The experiment has total 22 sessions.  Each session last 2-3 hours. Each subject 

is required to participate the experiment at least 1,000 minutes, i.e., 6-7 sessions. During 

each session, the air temperature was varied slowly between 19 ℃ and 30 ℃ by four 

1500kw heaters and one air conditioner.  Subjects were working on light “office-type” work 

such as reading and typing. Every 5 minutes, they were asked to report their thermal 

sensation (-3: cold, -2: cool, slight cool: -1, neutral: 0, lightly warm: +1, warm: +2, hot: +3) 
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and thermal satisfaction (-3: strongly dissatisfied, -2: dissatisfied, -1: slightly dissatisfied, 

0: neutral, 1: slightly satisfied, 2: satisfied, 3: strongly satisfied).  Every 30 seconds, their 

upper wrist skin temperature was recorded by the Microsoft smart bands. Every 10 

seconds, the air temperature and relative humidity was recorded by the wireless 

environmental sensor kits (sensors and) placed on each subject’s desk.  The radiant 

temperature is also recorded frequently by a black globe with a datalogger. The 

experiment set up is shown in Figure 7.  

 

Figure 7 Testing room for human subject experiment at CMU 
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4.5.2 NUS Net Zero Energy Building 

 

The human subject experiment at NUS will be conducted around September to 

November 2018. Possibly, 16 subjects will be recruited from NUS. Each subject will 

participate the experiment eight sessions. For each session, a steady air temperature will 

be maintained by adjusting the temperature setpoint and air velocity will be changed by 

adjusting the speed of ceiling fans. The temperature setpoint for session 1 to 8 will be 

choose from 21 ℃ to 28 ℃ randomly. Other experiment procedures will be as same as 

the experiment at CMU.     

 

4.6 Validation Experiments and Evaluation Metrics 

 

For validation or performance testing, the pre-trained personalized control agent 

sand negotiator will be implemented in the testing room at NUS and operate four ceiling 

fans for around two weeks. The same subjects who will participate in NUS human subject 

experiment will again be recruited to participate in the validation experiment. During the 

experiment, subjects will report their thermal comfort levels (-3: very uncomfortable, -2: 

uncomfortable, -1: slightly uncomfortable, 1: slightly comfortable, 2: comfortable, 3: very 

comfortable).  Other human related experiment procedures will be as same as the human 

subject experiment mentioned in section 4.4.    

Since the goal of the personalized control framework is maximize thermal comfort 

and maximizing energy consumption. The evaluation metrics will be percentage of 

thermal comfort not met times. More specifically, the times of thermal comfort levels that 

are lower than slightly comfortable will be counted as thermal comfort not meet times.  

The percentage of thermal comfort not meet times will be than calculated as below:  

% 𝑛𝑜𝑡 𝑚𝑒𝑡 𝑡𝑖𝑚𝑒𝑠 =  
𝑛𝑜𝑡 𝑚𝑒𝑡 𝑡𝑖𝑚𝑒𝑠

𝑡𝑜𝑡𝑎𝑙 𝑡𝑖𝑚𝑒𝑠
 × 100% 
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5 Preliminary Results 

 

The data collected from the human subject experiment at CMU has been analysis. 

These data have also been tested to train the personalized thermal comfort models.  

 

5.1 Exploratory Data Analysis 

 

The relationship of thermal satisfaction and environment conditions, as well as 

thermal sensation and upper wrist skin temperature have been analyzed.  

 

5.1.1 Subjective Response and Skin Temperature 

 

The first question that this research interested in is that whether upper skin 

temperature alone is sufficient to indicate satisfaction. In other words, whether meeting 

satisfaction is equal to maintaining skin temperature in a limited range.  

The Gaussian distributions of upper wrist skin temperature defined on thermal 

satisfaction above zero have been estimated for the six subjects.  As shown in Figure 8, 

the distribution mean for User 2 is 33 ℃, much higher mean than others, which are 31 -

32 ℃. The distribution variance for User6 is the largest one because this user voting for 

satisfaction above zero at almost every wrist temperature. Thus, the upper wrist skin 

temperature alone cannot fully explain subjective differences for different users.  

The 7-scale thermal sensation are re-grouped into three categories: uncomfortable 

warm (sensation < 0), neutral (sensation = 0), and uncomfortable cool (sensation > 0).  

Gaussian distributions and half Gaussian distributions of upper wrist skin temperature 

defined on each category have been estimated for the six subjects.  As noticed from 

Figure 9, the half Gaussian distribution defined on uncomfortable warm and 

uncomfortable cool almost has zero intersection for user 3. However, for other users, the 
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distributions overlap with each other a lot, indicating upper wrist skin temperature alone 

is not a good thermal sensation predictor.  

 

Figure 8 Gaussian distribution of upper wrist skin temperature defined on thermal satisfaction > 

0. (Different color on the plots represents different users. The total number of thermal 

satisfaction voting and the number of voting above 0 are illustrated.) 

 

 

  

  



30 
 

  

 

Figure 9 Gaussian distributions and Half Gaussian distributions defined on neutral, 

uncomfortable cool and uncomfortable warm.  

 

 

5.1.2 Thermal Satisfaction and Environmental Conditions 

 

Thermal satisfaction with respect to operative temperature (mean of air 

temperature and radiant temperature) and relative humidity for the six participants has 

been compared in Figure 10. The percentages of below zero satisfaction, i.e., 

dissatisfaction rate, have been calculated for different users and summarized in Table 5. 

User4 and user6 have very low dissatisfaction rate, indicating their winter comfort zones 

are very wide. In contrast, user 5 have very high dissatisfaction rate. More specifically, 

the preferred winter comfortable temperature range for user 4 is wide, from 19℃ – 26.5℃. 

It is narrow for user 5, from 20℃ -23℃. Hence, it is crucial to build user-specific thermal 

comfort model.  
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Figure 10 Thermal satisfaction of the six subjects at different indoor and outdoor environmental 

conditions. (Different color on the plots represents different thermal satisfaction levels. Different 

markers indicate the date that data was collected. Outdoor temperature and relative humidity of 

different dates was illustrated.) 

 

Table 5 The percentage of not met times of different users in the human subject experiment 

Users # of Voting # of Voting < 0 % of not met 

times 

1 231 93 40% 

2 220 76 35% 

3 218 83 38% 

4 220 43 20% 

5 225 152 68% 

6 234 11 5% 
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5.1 Personalized Self-Learning Thermal Sensation Models 

 

A Neural Network with 2 hidden layers and 8 nodes for each hidden layer was 

investigated to build the personalized self-learning thermal sensation model for user 6. 

The inputs of the models are skin temperature, indoor air temperature, indoor relative 

humidity. The output is 7-scale thermal sensation. The model trained by data collected 

from user6, the initial generic model learned from PMV, and the model starting from PMV 

then updated by data of user6 are compared in Figure 11. Although all models are neural 

networks with same structure and trained by same methods, the model trained by data of 

user6 yields low accuracy, 0.56, because the raw data is not adequate and 

comprehensive enough to train the neural network. The initial generic model learned from 

PMV also has low accuracy, 0.56, indicating that PMV didn’t explain the thermal sensation 

of user 6 well. After update-training, the accuracy was increased to 0.65. It demonstrated 

that the initial generic model is capable to adapt to user6 with more and more data.  

 

Raw data of user 6 (counts:234) 

 

Model trained by real data (accuracy: 0.56) 

 

Initial generic model learned from PMV 

(accuracy:0.56) 

 

The model starting from PMV, updated by real data 

(accuracy:0.65) 

 

Figure 11 The result of different personalized thermal comfort models for user6 
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7 Timeline  

 

Accomplished: 

 2017 2018 

 Jan - May Aug-Oct Nov Dec Jan Feb Mar Apr May 

Task1: Develop personalized wireless sensing network          

Task 2.1 Connection with Plugwise automation          

Task 3.1 Develop personalized thermal comfort model           

Task4.1: Develop personalized RL control agents            

Task5.1 Human subject experiment at CMU          

Task3.2: Train the personalized model           

Task4.2: Train the personalized control agents          

Task6.2: Validation based on data at CMU          

 

 

Expected: 

 2018 2019 

 July Aug Sep Oct Nov Dec Jan Feb Mar Apr May 

Task3.2: Train the personalized model             

Task4.2: Train the personalized control agents            

Task6.2: Validation based on data at CMU            

Task5.2: Human subject experiment at NUS            

Task3.3: Train the personalized model             

Task4.3: Train the personalized control agents            

Task6.3: Validation Experiment at NUS             

Task 6.3: Further Validation based on data at NUS            

Dissertation & Documentation             
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