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Abstract 

This paper presents a self-tuned HVAC controller that 

provides customized thermal conditions to satisfy 

occupant preferences while minimizing energy 

consumption. The evolution of personalized thermal 

preference models (online learning with a Bayesian 

clustering and classification algorithm) and the delivery 

of thermal conditions with model predictive control 

(MPC) form a closed-loop. The self-tuned controller was 

implemented in an occupied, open-plan office space with 

a radiant floor cooling system. The results showed that it 

can decrease occupant dissatisfaction with the thermal 

environment compared to a baseline MPC approach. To 

evaluate the effectiveness of the self-tuned controller in 

balancing energy use and occupant comfort, we 

developed a simulation platform which includes building, 

optimal control, and occupant modules. The simulation 

results demonstrate a new method to automate the HVAC 

system adjustment during the building operation. 

Introduction 

Well-recognized thermal comfort models have succeeded 

in predicting average comfort-related responses; 

consequently, they were adopted in standards for 

operation of HVAC systems in office buildings 

(ASHRAE, 2013, ISO, 2005). However, studies have 

shown that general thermal comfort models cannot 

accurately predict comfort of individual occupants 

(Fanger, 1970, Gagge et al., 1986, de Dear and Brager, 

1997, 1998). As a result, typical HVAC systems cannot 

achieve high levels of satisfaction for all occupants. 

Moreover, because of the conservative control settings 

based on general comfort standards, HVAC energy use in 

office buildings remains significant despite the higher 

equipment efficiency and the use of improved controls 

(Nicol and Humphreys, 2009, 2010, Hoyt et al., 2015). 

Incorporating occupants in sensing and control 

frameworks (i.e., human-in-the-loop) is a potential 

solution, along with using feedback from individuals to 

learn their comfort-related responses and provide 

customized environments (Jazizadeh et al., 2014, 

Ghahramani et al., 2014, Li et al., 2017). In such studies, 

the first step is learning the conditions that satisfy each 

occupant, i.e., training personalized comfort models. To 

this end, numerous machine-learning and data-driven 

techniques, from logistic regression to neural networks, 

have been examined (Liu et al., 2007, Daum et al., 2011, 

Zhao et al., 2014, Chen et al., 2015). The key performance 

metrics for evaluating learning methods are still debatable 

(e.g., prediction accuracy, data/computational efficiency, 

etc.), but recent studies initiated a discussion on 

appropriate metrics (Ghahramani et al., 2015, Kim et al., 

2018, Lee et al., 2019).  

The second step is operating the HVAC equipment 

considering the learning outcomes. Personalized comfort 

models used in most previous studies return a “score” 

(e.g., predictive probability with logistic regression) for a 

person being comfortable/satisfied with a given set of 

inputs. Controlling the HVAC system to provide a single 

condition may ensure thermal comfort, however, it could 

be too conservative and could compromise energy 

efficiency. Therefore, in some of the studies mentioned 

above, the authors considered a range of comfortable 

conditions by setting a threshold for the score. However, 

this approach does not guarantee that this range always 

exists. Moreover, defining a control range for multiple 

occupants in an open-plan office requires heuristic rules. 

A few studies attempted to integrate advanced building 

controls, such as MPC, into a human-in-the-loop 

framework to maximize system performance (Zhao et al., 

2016, Chen et al., 2016). However, there are no studies 

conducted with real occupants in their office work 

environment.  

This paper presents the first self-tuned HVAC controller 

that integrates model predictive control and personalized 

thermal preference models, and its successful 

implementation in a real occupied office. We demonstrate 

a new algorithm that provides a set of lower and upper 

operative temperature bounds (for spaces of both single 

and multiple occupancy), without tweaking the output of 

personalized comfort models nor solving multi-objective 

optimization problems. In addition, we develop a 

simulation platform including building, occupant, and 

optimal control modules to demonstrate how the 

advantages of self-tuned control can be realized in 

practice.  

Development of the self-tuned controller 

The operation of the proposed self-tuned HVAC 

controller includes four processes with two key modules 

that form a closed loop (Fig. 1):  

• Collecting occupant feedback on the thermal 

conditions 
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• Developing/updating personalized thermal preference 

models based on daily feedback  

• Updating the control bounds for the next day  

• Controlling the HVAC system with MPC given the 

updated operative temperature control bounds.  

 

Figure 1: Sequence of processes in the self-tuned HVAC 

controller. 

Office environment and sensor network 

An open-plan office space (9.9 m by 10.5 m) was used as 

test-bed for this study. The building has a Building 

Management System with Niagara framework and JACE 

controllers for the HVAC operation and data acquisition 

system. The space has a hydronic radiant floor system 

(Fig. 2) and wall diffusers for ventilation. The radiant 

floor is separated into 8 independently controlled loops 

for localized thermal control in each sub-zone. RTD 

sensors and thermocouples were installed in eight sections 

(0.6 m from the floor and on floor) to measure the air and 

slab surface temperatures. Ultrasonic flow meters (TUF-

2000M) and thermocouples were attached at each pipe 

loop. Incident solar radiation on windows was measured 

with a pyranometer (LI-COR 200-SL). A wireless data 

acquisition system was deployed for the data collection. 

 

Figure 2: Open-plan office space with radiant floor 

system and local control capabilities. 

Learning module: Personalized thermal preference 

modeling 

The module that learns thermal preferences of 

individuals, by developing personalized preference 

models with their feedback, is an important component of 

the self-tuned controller. The method is described in detail 

in Lee et al. (2017, 2019). To learn individuals efficiently, 

we use a Bayesian clustering and online classification 

algorithm that consists of two stages:  

(i) Discovering clusters of people with similar 

preference characteristics. Fig. 3 shows the final 

four sub-models in our generalized model. Each of 

the plots is the predictive probability distribution of 

occupant thermal preference (i.e., “want warmer,” 

“no change,” “want cooler”). Solid lines represent 

the median values of the probabilities (i.e., median 

models), and shaded areas represent the associated 

95% credible intervals (i.e., 2.5- and 97.5-quantiles 

of the predictive probability).  

(ii) Classifying new occupants into clusters by 

computing the probability of new occupants 

belonging to each cluster, based on their feedback. 

In this way, we infer personalized models for the 

new occupants. We introduce hidden personal 

parameters with informative priors to handle the 

uncertainty related to unmeasured variables such as 

metabolic rate, local air speed and clothing level 

(Lee et al., 2019):  

• The metabolic rate follows a truncated Gaussian 

distribution with hidden mean and variance  

• There is a linear relationship between air 

temperature and clothing level reflecting 

behavioral adaptation 

• Distribution of air speed follows the distribution in 

the subset of ASHRAE RP-884 database.  

 

Figure 3: Predictive preference probability distributions 

calculated with sub-models for the four clusters. The 

displayed results have the following settings: MRT=air 

temperature, air speed=0.05 m/s, relative humidity=50 

%, metabolic rate=1.2 met, and clothing level=0.6 clo. 

Model predictive control module and implementation 

A data-driven grey-box building model is constructed 

based on the state-space formulation. The model includes 

five states including the air and slab surface temperature. 

The cooling rates from the AHU and radiant floor system 

are controlled inputs. Exogenous disturbances due to 

internal heat gains (equipment, lighting, and people) and 

weather (ambient temperature and solar radiation) are also 

considered. The details of the model structure and paper 

estimation approach are presented in Joe et al. (2018). The 

RMSE for the air and slab surface temperature in each 

section ranges from 0.43 to 0.68 °C, which is considered 

satisfactory. The cooling source in the actual test-bed is 

provided from the campus plant. For this study, an air-

cooled chiller model (Trane CGAM20) is used 
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(EnergyPlus, 2015). Its nominal capacity is 68.9 kW and 

the COP is 2.67. The objective function is the electricity 

consumption of the chiller and the decision variable is the 

Part Load Ratio (PLR). The dimension of the controlled 

input vector is 48 for a 24hr prediction horizon with 30 

min time-step. Details of the objective function and 

solution algorithm can be found in Joe at al. (2018) 

MPC calculations are performed in MATLAB on a server 

computer that has access to weather forecast data for 24 

hours. The optimal cooling rates are calculated and sent 

to Niagara server. Then the valves in the radiant floor 

system are activated to satisfy the signal in each loop for 

a given time step (30 min). After each time step, using 

sensor data for the zone and slab temperatures, the control 

and exogenous input are sent to the server computer, for 

the state estimation by the Kalman filter.  

For the disturbance prediction, the occupant and 

equipment heat gains are set to 65 and 50 W respectively 

based on ASHRAE Standard 55 (ASHRAE, 2013) and 

historical data from the test-bed. The occupancy schedule 

is from 8 a.m. - 6 p.m. MRT is calculated using the 

measured air and slab surface temperatures as the air 

fspeed is less than 0.2 m/s (ASHRAE, 2013). A dedicated 

experiment was carried out to determine the weighting 

coefficients of the air and slab surface temperature, which 

were found to be 0.77 and 0.23 (Joe et al., 2018). The limit 

of the maximum difference between the air and slab 

surface temperature is set to be 7 °C (Krajcik et al., 2016), 

and the low-bound of the slab surface temperature is set 

to be 15 °C to eliminate potential thermal discomfort. The 

maximum available cooling capacity was 5 kW based on 

maximum water flow rate of 12 gallon per minute and 15 

°C minimum slab surface temperature. 

Integrating preference learning and MPC: Operative 

temperature control bounds 

To integrate the learning and MPC modules, we 

determine a set of lower and upper operative temperature 

(𝑇op) control bounds using the personalized preference 

models. The best set of lower and upper control bounds 

(𝑇lb
∗ , 𝑇ub

∗ ) is the one that minimizes the operational cost 

during the control period. Here, the cost includes both 

energy consumption and occupant satisfaction.  

We define the meaning of choosing a set of control 

bounds, and also introduce a cost matrix 𝐶  (Fig. 4) to 

make the optimization feasible. Choosing a set of control 

bounds represents our expectation, �̂� , that the target 

occupant(s) would be satisfied within the bounds as: 

�̂�(𝑇op, 𝑇lb, 𝑇ub) = {

1, 𝑇ub ≤ 𝑇op
2, 𝑇lb < 𝑇op < 𝑇ub
3, 𝑇op ≤ 𝑇lb

                (1) 

where �̂� = 1, 2, 3 represent “want cooler,” “no change,” 

and “want warmer,” respectively. The cost matrix 𝐶 

defines costs for different misclassification cases. For 

example, if a person wants warmer conditions (y= 3), and 

the controller expects the person would want no change 

(�̂� = 2), then the misclassification cost for the instance is 

𝑎  (element 𝐶3,2 ). We assign a higher cost (4) for 

misclassifying instances of “want warmer” or “want 

cooler” relative to each other. 

 

Figure 4: Cost matrix for the calculation of operative 

temperature control bounds. 

The optimization is then simplified to (Eq. 2): 

(𝑇lb
∗ , 𝑇ub

∗ ) =

argmin
𝑇lb,𝑇ub

∫∑ 𝐶𝑦,�̂�(𝑇op,𝑇lb,𝑇ub)𝑝(𝑦|𝑇op, RH, 𝐲𝑜 , 𝐗𝑜 , 𝐃𝐚𝐭𝐚)𝑝(𝑇op)
3
𝑦=1 𝑑𝑇op (2) 

where 𝑝(𝑦|𝑇op, RH, 𝐲𝑜, 𝐗𝑜 , 𝐃𝐚𝐭𝐚)  is the predictive 

distribution of the target occupant personalized model, 

given 𝑇op  and RH , and 𝑝(𝑇op)  is the probability 

distribution of operative temperature (assumed uniform).  

The parameter 𝑎 controls the balance between occupant 

satisfaction and energy consumption, i.e., the 

personalized comfort-energy trade-off. Here, 𝑎 should be 

positive and less than 2 to make the cost of 

misclassification always positive. By regulating the value 

of 𝑎, and the value of each matrix element, we can select 

the relative importance of detecting occupant satisfaction 

vs dissatisfaction, and the relative priority for energy 

savings.  Fig. 5 shows how 𝑎  modulates the control 

bounds with a personalized model: lower/higher 𝑎 results 

in wider/narrower 𝑇op control range respectively. In our 

experimental implementation, we set 𝑎 = 1. 

 

Figure 5: 3 different control bounds with different  𝑎’s. 

We can easily extend this approach to calculate the 

optimal control bounds for a space shared by multiple 

occupants (but conditioned by one radiant floor loop) by 

integrating for all occupant preferences.  

Experimental implementation 

We implemented a “baseline” and the self-tuned 

controller in the open plan office with a radiant floor 

system (Fig. 2) during August-October 2018. Here, the 

“baseline” controller, used to control each of the eight 
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floor sections, is the MPC module with a set of default 

control bounds (21.1 ℃ - 25.5 ℃), based on the 

generalized preference model (Fig. 3). Nine occupants, 

22-33 years old, participated in the study. The feedback 

collection took place during weekdays between 9:00 a.m. 

and 6:00 p.m. Two occupants had their desk in each floor 

section. Each occupant participated in the experiment for 

a minimum of 16 days to a maximum of 25 days 

depending on availability. The occupants reported their 

thermal preference every hour when they were present in 

the office via a web interface. To ensure thermal 

adaptation, they were asked to take the first survey one 

hour after their first (and intermediate) arrivals in the 

office. For the first five days in August, the baseline 

controller was used. Then we implemented the self-tuned 

controller for 19 weekdays. Personalized preference 

models were updated based on their daily feedback. 

Subsequently, the local control bounds in each thermal 

zone were updated with personalized preference models 

of occupants in that zone. Finally, we applied the baseline 

controller again for three days, for further data collection 

and validation checks.  

Fig. 6 shows the evolution of the upper and lower 𝑇op 

control bounds of operative temperature over the period 

with the self-tuned control, for two radiant floor sections 

(4 occupants). Day 0 means the last day of the first 

baseline period. The control bounds evolve fast during the 

first three days and converge after 7 to 13 days. The 

converged control range of section 1 is significantly lower 

than the default range, while that of section 3 is only wider 

for the low temperature side.  

 

Figure 6: Evolution of upper and lower 𝑇𝑜𝑝 control 

bounds during the period with the self-tuned controller. 

Fig. 7 shows the upper/lower control bounds and the 

operative temperature trajectory of section 1 (subject 1) in 

two different days with the default control bounds and 

self-tuned (converged) control bounds, respectively. The 

participant was satisfied with the converged control 

bounds and the lowered operative temperature. The 

operative temperature was low in the morning and 

gradually increased over time, because the MPC 

controller pre-cooled the space in the morning, when 

outdoor temperature is low and the chiller COP is high. 

 
Figure 7. Thermal preference votes from subject 1 with 

the default control bounds and self-tuned control bounds 

(two different days). Blue triangles and green circles 

represent “want cooler” and “no change” votes, 

respectively. Dashed lines represent operative 

temperature upper and lower bounds. 

To evaluate the controller’s performance in terms of 

comfort, we use the percentage of dissatisfaction votes. 

From the experimental results, we conclude that the 

proposed self-tuned controller adjusted the bounds based 

on subjects’ preference votes, and reduced the level of 

occupant dissatisfaction from 33% to 19% (median 

values) while using 23% more cooling energy, as 

expected. Note that if we used a different 𝛼 in the cost 

matrix of Fig. 4, the results would differ. To further 

investigate this, a simulation study was conducted. 

Simulation study  

Simulation platform 

A simulation platform was developed (Fig. 8) to mimic 

the closed-loop processes of Fig. 1. A building model, 

controlled by the MPC module, returns the operative 

temperature (𝑇op) with a timestep of 30 minutes. In this 

study, we used the same model and input data for both 

MPC and building simulation to eliminate other effects 

(e.g., accuracy of predictive model, error in disturbance 

forecast, etc.). We used nine synthetic occupants with the 

personalized preference models of the tested subjects in 

the experiment. They generate synthetic preference votes 

(𝑦) every hour from 9:00 am to 5:00 pm (i.e., nine votes 

per person per day) using the resulting operative 

temperature at each time. The preference learning module 

trains/updates personalized preference models, while the 

control bounds (𝑇lb
∗ , 𝑇ub

∗ ) are updated at 6:00 pm every 

day. Here, the preference learning module does not have 

any information about synthetic occupants a priori. We 

run the simulation with measured weather data for 

September. The simulation environment is developed in 

MATLAB and Python, including the MATLAB Engine 

API for Python. 

Fig. 9 shows the evolution of the upper and lower 𝑇op 

control bounds with the self-tuned controller for two 

radiant floor sections (4 occupants) where 𝑎 = 1 . The 

results are in agreement with Fig. 6 (evolution of control 

bounds in the experiment), indicating the individual 
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differences between control sections. In addition, the 

agreement between the two figures supports that the 

simulation platform is appropriate to evaluate the self-

tuning (learning) feature of the proposed controller. 

 

Figure 8: Simulation platform that includes the learning 

and MPC modules. 

 

Figure 9: Evolution of upper and lower 𝑇𝑜𝑝 control 

bounds with the self-tuned controller in simulation. 

 

Self-tuned thermal controller for efficient comfort-

energy trade-off 

Fig. 10 shows the effect of two sets of control bounds for 

the baseline controller (red box plots) and seven different 

𝑎 ’s for the proposed self-tuned controller (black box 

plots), on both dissatisfaction level and the mean daily 

energy consumption. We used results of days 5-20, i.e., 

after the control bounds converged with the self-tuned 

controller.  

Since the indoor temperature is low in the morning and 

gradually increases over time with the MPC, synthetic 

occupants experienced lower and higher temperatures 

more frequently compared to the real occupants. Note that 

a dissatisfaction level of 0.5 can be interpreted as 

occupants are being dissatisfied with the thermal 

conditions during the half of their workhours on average. 

Therefore, the default control bounds (21.1-25.5 ℃) 

would not be suitable in real office buildings for people 

with similar thermal preference responses with the 

participants of the experimental study, even if they may 

result in energy savings, as shown in Fig. 10. Comparing 

the baseline controller with control bounds of (18-22 ℃) 

and the proposed controller with 𝑎 = 1, we can see that 

an ad hoc decision on control bounds can result in both 

higher dissatisfaction level and higher energy 

consumption. In other words, the proposed controller uses 

energy more efficiently compared to the baseline for 

providing a similar level of satisfaction. 

To evaluate the effects of 𝑎 on occupant satisfaction and 

energy consumption, we tested seven cases, 𝑎 =
0.25, 0.5, 0.75, 1, 1.25, 1.5, 1.75. Blue line in Fig. 10 is 

the Pareto front of the proposed controller in this multi-

objective control problem. The results show that 𝑎 can 

effectively control the comfort-energy trade-off. This can 

be a self-learning process. For example, if there are 

complaints from occupants, the system will be able to 

self-tune and adjust automatically increase their 

satisfaction, while consuming more energy. This process 

can be automated using the self-tuned controller 

developed in this study, instead of using uncertain 

decisions by building managers, resulting in energy waste 

or occupant dissatisfaction. 

 

Figure 10: Daily dissatisfaction level (y-axis) and mean 

daily energy consumption (x-axis) of different baseline 

and self-tuned controllers. 

Conclusion 

In this paper, a novel self-tuned HVAC controller is 

presented, which improves occupant thermal satisfaction 

and energy efficiency. The controller learns the 

preferences of real occupants from their feedback, is 

automatically updated, and controls the system operation 

to optimize energy consumption. We implemented our 

self-tuned controller in an open-plan office space 

conditioned with a radiant floor cooling system, to 

facilitate local thermal environment control. The results 
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showed that the self-tuned controller can decrease thermal 

dissatisfaction votes compared to a baseline MPC 

controller. The relative comparison of satisfaction and 

energy results depends on how the default bounds are 

selected, as well as on the parameters used in the cost 

matrix for the proposed self-tuned controller.  

To further evaluate the performance of the controller and 

generalize the results, the self-tuned controller with a 

building model and synthetic occupant preference profiles 

were incorporated into a building simulation platform. 

The evolved control bounds in the simulation closely 

resembled those in the experimental implementation. This 

supports that the simulation platform is appropriate for 

evaluating the self-tuning feature of the controller. In 

other words, similar simulation approaches can be used in 

the future to test smart and user-interactive controllers.  

The simulation results show that an ad hoc decision on 

control bounds can result in both higher dissatisfaction 

level and higher energy consumption. In addition, the cost 

matrix tuneable parameter can effectively control the 

comfort-energy trade-off. The system can self-learn and 

is able to adjust automatically to satisfy more occupants 

as required. In this way, uncertain decisions resulting in 

energy waste or occupant dissatisfaction can be avoided. 
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Nomenclature 

𝑦: thermal preference (1: want cooler, 2: no change, 

3: want warmer) 

𝑇op: operative temperature 

RH: relative humidity 

𝑇lb: lower operative temperature control bound 

𝑇ub: lower operative temperature control bound 

𝐶: misclassification cost matrix 

𝑎: parameter in 𝐶 modulating the control bounds 

𝐲𝑜: thermal preference data used to develop the 

personalized thermal preference model of an 

occupant 𝑜, 𝐲𝑜 = (𝑦𝑜
(1), … , 𝑦𝑜

(𝑁)) where 𝑁 is the 

number of data points 

𝐗𝑜: operative temperature and relative humidity data 

used to develop the personalized thermal 

preference model of an occupant 𝑜 , 𝐗𝑜 =

{𝐱𝑜
(1), … , 𝐱𝑜

(𝑁)}  where 𝑁  is the number of data 

points and 𝐱 = (𝑇op, RH) 

𝐃𝐚𝐭𝐚: training data used to develop the generalized 

model (i.e., subset of ASHRAE RP-884 DB) 
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