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1. Introduction

1.1. Research Background

An effective supply-air control strategy is a crucial research 

objective for both current and planned spaces, primarily aiming 

to address several environmental concerns. This strategy goes 

beyond energy efficiency by exploring methods to ensure 

acceptable thermal comfort for occupants. Specifically, the 

proposed methodology focuses on balancing energy efficiency 

with indoor thermal comfort, maximizing the utility of existing 

extra spaces to lessen the need for new construction. The research 

particularly assesses control performance across diverse time 

periods and locations, testing how the system manages varying 

heating and cooling loads, especially in situations where a single 

space is occupied intermittently.

1.2. Research Objectives and Methods

As such, effective HVAC control models for commercial 

buildings require advanced control algorithms that respond to 

both of the designed and unpredicted conditions. In particular, it 

may be necessary to consider effective control strategies in 

intermittently occupied spaces where economic activities may be 

more important than the energy efficiency and the quality of the 
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indoor environment. Therefore, it is time to study a sustainable 

control model that balances theoretical and practical situations 

where it helps to increase the thermal comfort without any 

excessive energy costs in use.

This research aims to develop an effective control model to 

increase energy performance in using intermittently occupied 

spaces. In addition to the energy efficiency, the model works to 

maintain thermal comfort according to the operational 

characteristics as workers and visitors. In this process, in order to 

improve its statistical validity, this proposed control model 

utilizes a designed adaptive process to increase the mathematical 

clearness of deterministic processes and an artificial neural 

network learning algorithm to improve the performance of 

predictive processes. The main objectives of this research are 

summarized like below:

1) By using a intermittently occupied space model and a 

conventional thermostat control, the performance of 

energy use and thermal comfort is calculated. 

2) By adding an adaptive control process into the thermostat 

control model, the performance of energy use and thermal 

comfort values of this adaptive control model is calculated.

3) By artificial neural network learning of the adaptive control 

results, the performance of energy use and thermal comfort 

values of this learning predictive control model is calculated.

4) The performance of three control models is compared to 
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A B S T R A C T K E Y W O R D
Purpose: Beyond the essential concerns of economy and maintenance for intermittently occupied spaces, there’s 

a critical need to investigate high performance control methodologies. The goal is a dual imperative: significantly 
enhancing occupant thermal comfort while optimizing the energy performance profile of these often-fleeting 
architectural assets. Method: The core method integrates a conventional thermostat model with an adaptive control 
process. This adaptive layer continuously analyzes and incorporates real-time changes in human-centric factors 
(like occupancy and adaptive comfort expectations) as dynamic system inputs. These refined control patterns, 
which integrate both the building’s physics and occupants’ behavior, are used to train a machine learning-based 
predictive control model. The subsequent analysis rigorously assesses the model’s control validity and energy 
efficiency. Results: The performance assessment demonstrates significant efficiency for the developed learning 
predictive model when compared to the baseline conventional thermostat control. In thermal comfort consistency, 
a substantial improvement of approximately 84.8% is observed in meeting the thermal comfort index. In 
operational energy reduction, the model achieves an estimated 7.4% reduction.
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define their strengths and weaknesses.

After analyzing the results from the process above, the 

conclusion section describes any advantages or disadvantages of 

the proposed model, and suggests the possibility of a follow-up 

research on improving the performance of models or algorithms 

for the sustainable use of spaces.

2. Literature Review

2.1. Thermal Control

The Heating, Ventilating, and Air Conditioning (HVAC) 

system is a fundamental element of the building’s environmental 

control system, critically enabling thermal comfort and 

acceptable indoor air quality for occupants engaging in diverse 

activities, ranging from sedentary work to active recreation 

[1~3]. Beyond mere comfort, its effective operation is 

instrumental in health and productivity, with poorly controlled 

environments often linked to “sick building syndrome” and 

reduced cognitive function. The pursuit of optimized HVAC 

performance has spurred significant advancements in both 

theoretical understanding and applied engineering. The 

foundational principle for understanding air distribution remains 

fluid mechanics, where analyses of airflow patterns often 

involving computational fluid dynamics simulations are 

employed to design efficient systems that minimize pressure 

losses, ensure uniform thermal distribution, and effectively 

manage contaminant dispersal [4~6]. This is crucial for systems 

like and displacement ventilation, which are designed to decouple 

ventilation rates from heating/cooling loads.

Concurrently, thermal sciences dictate strategies for 

minimizing building energy load. This involves the application of 

principles of heat transfer (conduction, convection, and 

radiation) to enhance the thermal resistance (R-value) of the 

building envelopes through the use of advanced insulating 

materials and high performance glazing. The goal is to minimize 

the sensible and latent heat gains/losses that the HVAC system 

must offset, thereby directly impacting equipment sizing and 

operational energy consumption [7~9]. Thermostats, the 

ubiquitous interface, translate occupant-desired setpoints into 

control signals, activating mechanical equipment to maintain the 

desired indoor temperature within an acceptable dead-band.

The Proportional-Integral-Derivative (PID) controller has 

historically served as the workhorse of HVAC control, 

particularly when computational resources were limited. Its 

appeal lies in its mathematically intuitive structure, where the 

control signal is a weighted sum of the error, the integral of the 

error, and the derivative of the error [10,11]. This clear 

deterministic signal processing is invaluable for controlling 

single-input, single-output loops, such as regulating the supply 

air temperature or the coil valve position. The PID framework 

provides an effective means to implement model-based control 

methods simpliand allows engineers to readily identify and tune 

parameters to correct for physical errors frequently encountered 

in real world installations [12~14].

However, modern, large-scale HVAC systems are highly 

non-linear, coupled, and subject to significant disturbances. This 

complexity has driven the adoption of Model Predictive Control 

(MPC). MPC represents an advancement by utilizing a dynamic 

model of the system to predict the system’s future behavior over a 

finite prediction horizon. At each time step, MPC optimizes a 

sequence of future control actions by minimizing an objective 

function typically involving a trade-off between energy 

consumption and setpoint tracking error while explicitly 

considering operational constraints [15,16]. This ability to look 

ahead and manage multiple coupled variables simultaneously 

makes MPC the preferred technique for achieving system-level 

energy efficiency in the operation and maintenance phases. It is 

frequently employed to control central plant components like 

chillers, boilers, and thermal energy storage systems, optimizing 

their operation based on predicted electrical utility tariffs and 

weather forecasts, often demonstrating energy savings of 

10~30% over conventional PID methods [17~19].

2.2. Thermal Comfort

In order to save energy, it is common to perform the control in 

the direction of increasing the temperature of supply air in 

summer, lowering in winter, or reducing the amount of supply 

air. However, in such situations, the thermal comfort may 

deteriorate. In order to precisely measure the level of this 

deterioration, various indicators have been developed and 

utilized. Mapping diagrams by temperature and relative humidity 

or utilizing the psychrometric chart is an intuitive method 

commonly used without any mathematical or engineering 

calculation [20~22]. Identifying energy use patterns have been a 

major subject in this area where maintaining such a comfort level 

can produce specific conditions that interact with other minor 

factors. In addition to such mechanical and technical factors, 

unexpected changes in temperatures and relative humidity, as 

major input variables, which are not defined as a clear regression 

model under climatic conditions, have been considered as major 

target of improving indoor thermal comfort. Therefore, selecting 

a thermal indicator that can reflect these various conditions is a 

very important part in the early phase [23,24].

Recently, among the various indicators, the most commonly 

preferred one can be the Predicted Mean Vote (PMV). The major 
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advantages of PMV is that it is possible to quantitatively calculate 

the sense of heat that feels different as users in the same environment. 

It simultaneously utilizes two different types of numerical factors 

constituting the indoor environment such as indoor air related 

factors and people related factors. This method can confirm the 

large change in the sense of heat even with a very small change in 

values of parameters, which means that the efficiency of improving 

the sense of heat can be increased with very precise control [25~27]. 

In the case of highly precise supply air controls, a simulation model 

utilizes 1-minute intervals, and it achieves the improvement of 

energy use by about 4%, at the same time, the improvement of 

thermal comfort consistency by about 95% [28~30]. However, 

many studies are being conducted to reveal the hidden correlation of 

thermal factors that cause the changes in values and to increase the 

engineering validity of the equation.

3. Research Method

3.1. Building Concept

Research on the energy consumption intensity of buildings has 

been ongoing. Furthermore, data directly surveying the energy 

consumption of actual buildings and analyzing their 

characteristics based on a vast amount of statistical data is 

available. In particular, the U.S. Energy Information 

Administration’s Commercial Building Energy Consumption 

Survey (CBECS) report is arguably the most useful resource for 

this research. It categorizes buildings across the United States into 

14 categories and examines their energy consumption by each 

category [31]. However, even with the CBECS report and other 

sources, there are certain buildings for which energy 

consumption is difficult to assess. Among these, research has been 

conducted on large-scaled buildings with a strong public 

character, such as airports, subway stations, and multi-purpose 

terminals with mixed uses [32~34].

This study aims to test a model to improve the indoor 

environment and energy consumption of spaces with unclear uses 

and low usability, which are commonly found in the 

aforementioned complex buildings. Therefore, the modeling of 

the architectural space follows the characteristics of typical small 

and medium-sized commercial spaces, but simulation tests will 

be conducted using a time schedule scenario with irregular 

occupancy times. Table 1. summarizes the characteristics of the 

space geometry, and Table 2. presents scenarios regarding space 

occupancy times.

3.2. Control Rule

To quantify the model’s energy consumption, the total energy 

use per unit time is calculated using a foundational 

thermodynamic balance equation. This equation accounts for the 

heat energy supplied by the HVAC system and the net heat 

transfer across the building envelopes [35,36]. By reformulating 

this process as the rate of change in the controlled indoor 

temperature over time, an essential differential equation is 

derived, which serves as the core formula for constructing the 

building’s thermal simulation module.
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(Eq. 1)

The PMV index, developed by Dr. P. O. Fanger and 

standardized by EN ISO 7730, serves as the primary metric for 

quantifying thermal comfort [35,36]. Its auxiliary indicator, the 

Predicted Percentage of Dissatisfied (PPD), is derived from the 

PMV equation, indicating the percentage of occupants expected 

to feel uncomfortable, ranging from 0% (near-satisfied) to 100% 

(fully dissatisfied). To calculate the PMV level within this 

simulation model, six core variables are input into a block 

module: dry bulb temperature (DBT), relative humidity (RH), 

indoor air speed (AS), mean radiant temperature (MRT), 

metabolic rate (MET), and clothing insulation (Clo) [37,38]. It is 

Table 1. Geometry information of a designed spaces

Name/Property Value
Type of building Small commercial

Location (weather condition) Incheon
Time JUNE/15~SEPT/15
Size 8.20×4.10×4.00

Roof Area (m2) 32.00
Thermal resistance (℃/W) 1.156×10-2

Wall Area (m2) 98.40
Thermal resistance (℃/W) 5.758×10-3

Door Area (m2) 4.20
Thermal resistance (℃/W) 2.139×10-3

Window Area (m2) 8.00
Thermal resistance (℃/W) 2.139×10-3

Table 2. Scenario in use

Period Occupied rate
00:00~09:00 09:00~18:00 18:00~24:00

06/15~06/24 0.50 0.20 0.75
06/25~07/04 0.50 0.00 0.50
07/05~07/14 0.05 0.10 0.10
07/15~07/24 0.15 0.50 0.10
07/25~08/04 0.10 0.75 0.05
08/05~08/14 0.00 0.90 0.00
08/15~08/24 0.01 0.20 0.01
08/25~09/04 0.15 0.15 0.15
09/05~09/15 0.15 0.20 0.10
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assumed that indoor the AS is 0.1m/s, the MRT is the same as the 

DBT with a 1 hour delay, the MET is a fixed value of 1.2 (light 

office work), and the Clo is 1.0 (ligh summer clothing). 

     (Eq. 2)
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where, M is the metabolic rate and L is the thermal load.

Then, the results of the three different control model are compared 

in terms of the level of energy use and the consistency of thermal 

comfort. In the case of energy use, the total sum of the amount of 

energy consumed for heating and cooling can be used because it is 

intuitive and uncontroversial. In the case of the PMV, since positive 

and negative values exist in the calculated result, it is difficult to 

evaluate the performance with a simple sums or average values, so 

the Root Mean Squared Error (RMSE) can be used as follows:
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(Eq. 4)

Through this method, the most comfortable state in the PMV 

value is ±0, which is used as the best fit model, and the 

distribution of the results of each model is compared as the 

indicator of maintaining consistency of thermal comfort. 

The result from the thermal model and the process in input into 

the ANN learning model. In general, the structure of the ANN 

consists of fully connected multi-layer neural network as a 

multilayer perceptron. This type of network includes more than 

one layer of artificial neurons or nodes, which is used to solve 

more complex classification and regression model. The most 

typical structure is the three layers fully connected 

backpropagation model. The first layer consists of input neurons 

that send data on to the second layer as hidden layers. Then it, in 

turn, sends the output neurons as the third layer to get results 

from this neural networks. As described in Fig. 1., each neuron 

takes weighted inputs x1, ... xk multiplied by a weight term wai. 

Then, each result adds a bias term θb, then uses the result nc as an 

input into an activation function gd [39~41]. In the simulation to 

get a learning predictive model, the scaled conjugate gradient 

algorithm is adopted with a configuration of 1,000 iterations at 1 

epoch each. In the results for controlling mass flow rate and 

temperature of supply air, the tested statistical significance of R2 

is 0.99175 and 0.98969, respectively.

The method of sending appropriate control signals into a 

system in certain situations has been studied very widely in the 

deterministic viewpoint. When the system operates over a certain 

period of time, the difference in two control signals before and 

after and the derivative of the difference have been preferred to 

determine the increase or decrease of the next control signal. And 

these approaches have been applied into in several algorithms to 

construct the initial deterministic structure.

For maintaining indoor thermal comfort, a deterministic 

process utilize the results of five different variables related to 

thermal comfort and energy use as input variables: difference of 

occupant, derivative of the difference of occupant, difference of 

PMV value, derivative of the difference of the PMV, derivative of 

the energy use. Then, by adopting the fuzzy algorithm, the output 

values of heating and cooling supply air are adjusted by summing 

the weights specified in each range according to the designed 

configuration like fuzzy membership functions. At this time, the 

total output value is combined by use of two elements: mass flow 

rate, temperature. Then, the adaptive control process optimizes 

the output values whether they are within or outside in designed 

ranges for energy use. For example, if the number of workers and 

visitors does not met a required number, and this increase or 

decrease rate do not exceed a certain designed range, the output is 

decreased by 20% to reduce energy use regardless of other 

conditions. However, in the next simulation phase, if the 

conditions of the occupant related and the comfort related values 

are increased while the rate of change in energy use is within a 

certain designed range, the output is decreased by 5%. In addition, 

No adjustment is made if all the conditions are within the designed 

ranges. This adaptive control process is conceptually described in 

Fig. 2. In order to integrate each of the above programmed 

thermal and statistical models into one model, Simulink in Matlab 

Fig. 1. Conceptual thermal model
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r2024b is used as illustrated in Fig. 3. The entire simulation block 

model consists of 6 different parts: Signal (adaptive), Control 

(thermostat and ANN), Supply (cooler and heater), Condition 

(indoor, outdoor, and people), Room, PMV Calculator. 

4. Result and Discussion

Table 3. shows the results of the thermal comfort consistency 

and the energy efficiency controlled by three different controls, 

and the performance of two models is improved as compared to 

the conventional thermostat model. As predicted in the indoor 

temperature control pattern, the numerical results confirm that 

the learning predictive model by the ANN algorithm is highly 

effective in maintaining the consistency of the PMV level. In the 

adaptive control model, through the adaptive control process of 

the thermal variables related to the PMV level, the high 

performance of its thermal comfort was achieved to be more than 

50% as compared to the thermostat model, but the learning 

predictive model showed a very high performance exceeding the 

result. In particular, it shows a very high effectiveness of 

maintaining the consistency of thermal comfort in the intensive 

cooling period from July 25th to August 14th. In addition to this 

period, significant performance can be seen in the period from 

June 15th to June 24th and from September 5th to September 

14th, which effectively suppresses parts of overshooting when the 

system turns on for cooling supply air.

Table 4. displays the result of the cooling and heating load 

controlled by tree different controls. Although the short periods 

of early summer and early autumn are included on the designed 

period, it can be considerable for the heating by the configuration 

of heating set-point temperature. Therefore, this result needs be 

considered when early morning or late night working hours are 

included to increase its operational economy. As predicted by the 

RMSE results, the control characteristics from August 5th to 

Au-gust 24th are clearly different from other period. The energy 

use of the learning predictive model, which significantly reduced 

the overshooting and the fluctuation of the controlled pattern, is 

confirmed to be higher than that of other periods. In particular, 

from August 15th to September 14th, it is confirmed that high 

increases from 15% to 25% for both cooling and heating. It is 

confirmed that this pattern is effectively maintained from August 

25th to September 4th. If this is inferred by the comparison of the 

graphs, the controlled pattern of the thermostat model clearly has 

a regular up and down based on the designed set-point 

temperature, whereas the learning predictive model works 

continuously supplying heating and cooling energy derived from 

adjusted values above the set-point temperature (22℃ for 

heating and 26℃ for cooling). It is predicted that the indoor 

temperature was controlled a bit higher than the heating 

set-point temperature and slightly lower than the cooling 

set-point temperature, according to the adaptive control process 

of analyzing the number of users and the changes in the PMV 

values. However, from August 5th to August 14th, it is confirmed 

that a significant amount of cooling energy use is reduced. This 

Table 3. Comparison of the thermal comfort by RMSE

Period
Control type

Baseline Adaptive Predictive
RMSE RMSE RMSE

06/15~06/24 1.88 0.87 0.37
06/25~07/04 1.92 0.88 0.30
07/05~07/14 1.68 0.76 0.26
07/15~07/24 1.56 0.72 0.24
07/25~08/04 0.83 0.40 0.10
08/05~08/14 0.53 0.26 0.06
08/15~08/24 1.04 0.47 0.14
08/25~09/04 1.65 0.73 0.26
09/05~09/15 1.81 0.83 0.29

Average 1.43 0.66 0.22
Efficiency - ↑ 54.11% ↑ 84.81

Fig. 2. Adaptive control process

Fig. 3. Simulation block model
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implies a fact that the adaptive control process optimizes the 

supply of cooling energy responding to the decrease of the 

number of users in extreme hot temperature in early August. 

Therefore, accordingly, it can be inferred that the energy 

efficiency has increased to a significant level in the period when 

the importance to maintain the thermal comfort is decreased due 

to changes in designed thermal situations. Overall, the energy use 

intensity by the adaptive control model slightly increases by about 

0.91% as compared to the thermostat model. It can be a 

reasonable result of the mathematically deterministic model 

which increases the cooling energy in summer and heating energy 

in winter in order to maintain the thermal comfort level above the 

Table 4. Comparison of the energy use by thermal loads

Period

Control type
Baseline Adaptive Predictive

Cooling load
(kWh)

Heating load
(kWh)

Cooling load
(kWh)

Heating load
(kWh)

Cooling load
(kWh)

Heating load
(kWh)

06/15~06/24 1968.66 19200.85 1828.99 17794.18 1326.78 17613.30
06/25~07/04 0.00 14893.32 0.00 14921.25 0.00 13913.42
07/05~07/14 491.34 3691.61 578.15 4346.90 444.05 4306.59
07/15~07/24 5301.82 7899.21 5200.93 8216.61 3952.69 7594.25
07/25~08/04 10482.65 439.14 10286.57 556.00 8986.18 480.15
08/05~08/14 15172.05 0.00 14636.16 0.00 12652.46 0.00
08/15~08/24 1963.20 297.40 2223.89 398.30 2231.39 359.73
08/25~09/04 982.51 1972.76 1335.65 2483.91 1245.19 2499.04
09/05~09/15 1277.42 7529.29 2282.63 7327.08 1474.70 7609.13

3 month sub-total 37639.65 55923.58 38370.97 56044.23 32313.44 54375.61
3 month total 93563.23 94415.20 86689.05

EUI 144.39kWh/m2-3mon 145.70kWh/m2-3mon 133.78kWh/m2-3mon
Efficiency - ￬ 0.91% ↑ 7.35%

Fig. 4. Cooling load by the baseline (thermostat) control

Fig. 5. Heating load by the baseline (thermostat) control
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designed levels. On the other hand, it can be inferred that the 

ANN learning algorithm which made it possible to predict the 

next situations makes the learning predictive model reduces 

about 7.35% of energy use.

Fig. 4. and Fig. 5. display the result of the cooling and heating 

load controlled by the thermostat model. Depending on the 

set-point temperature and the dead-band range, highly regular 

energy supply patterns are confirmed. Fig. 6. and Fig. 7. show the 

improved performance of the model reflecting the adaptive 

control process. As predicted, in the thermostat model, the 

repetitive on/off controls occur in the maximum range of 50MJ 

for cooling and 100MJ for heating, but the adaptive control 

model controls to a maximum of 25MJ for cooling and a 

maximum of 23MJ for heating. In particular, it can be seen that 

the overshooting that occurs at the beginning of operation is also 

effectively suppressed to a maximum of 48MJ for cooling and a 

maximum of 95MJ for heating. Energy use increases in some 

periods and decreases in others, resulting in a slightly increased 

total sum of energy use. However, as seen in Fig. 8. and Fig. 9., 

the learning predictive model controls to a maximum of 16MJ for 

cooling and to a maximum of 12MJ for heating. In addition, it 

can be seen that it effectively suppresses the overshooting at the 

beginning of operation to a maximum of 25MJ for cooling and a 

maximum of 95MJ for heating. It is inferred that energy use could 

be effectively suppressed, unlike the thermostat model, by 

reducing maximum values of the control range and the 

overshooting in spite of the consistent and continuous control. In 

the viewpoint of improving the space types sustainability, this 

result can have an opportunity without consuming any additional 

resources.

However, even though the model with increased statistical 

validation by learning the adaptive control process and improved 

control results was used, there are still some undefined overshoots 

and some periods in which the patterns of increase or decrease in 

energy use are not identified. This should be tested with more 

effective regression models using more weather conditions and 

space models reflecting various physical conditions. In addition, it is 

necessary to improve the statistical validation of input data for the 

ANN learning process and to increase the precision of deterministic 

algorithms by diversifying membership functions and variables.

Fig. 6. Cooling load by the adaptive control model

Fig. 7. Heating load by the adaptive control model
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5. Conclusion

This study investigated the performance of a proposed control 

model designed for an intermittently occupied space to enhance 

occupant thermal comfort without compromising operational 

energy efficiency. The methodology involved combining a 

conventional thermostat model with an adaptive control process 

that refined output signals by analyzing real-time data on 

occupant size and thermal comfort levels. The resulting control 

data were then fed into a learning algorithm to develop a 

predictive model.

The study concluded by comparing the performance of three 

different control models based on the consistency of maintaining 

thermal comfort and the reduction of energy use. The learning 

predictive model demonstrated significant improvements: it 

effectively maintained thermal comfort consistency by 

approximately 84.8% and achieved an energy use reduction of 

about 7.4%. These results confirm the model’s advantage: it 

allows for significant energy savings while simultaneously 

increasing the usability of building types where operational 

economy is important.

However, the analysis of performance improvement 

highlighted several areas for future research: the need to 

incorporate more detailed thermal dynamics, increase statistical 

validity through the use of more variables and extensive datasets, 

and analyze unforeseen practical issues by applying the model to 

actual, functioning buildings. The anticipated rise in the spaces 

necessitates improved operational methods focused on 

human-centric issues. The adaptive control process proves 

valuable in increasing the effectiveness of managing the 

deterministic trade-off between thermal comfort and energy use. 

The learning predictive model offers a distinct advantage in 

maintaining thermal comfort consistency while effectively 

reducing energy consumption.

A follow-up study will be initiated to reinforce these strengths 

and address the identified limitations, specifically including a 

regression model analysis of various control patterns and energy 

supply characteristics. If this human-centered control method is 

successfully integrated with broader research in urban planning, 

material science, and recycling, the methodological spectrum for 

Fig. 8. Cooling load by the learning predictive control model

Fig. 9. Heating load by the learning predictive control model
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improving the overall sustainability of various spaces is expected 

to expand considerably.
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