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1. Indoor Thermal Environment Control

1.1. Background and Purpose

For effective control of the heating, venting, and 

air-conditioning (HVAC) system of buildings, various control 

methodologies related to improving the system design and 

operation strategies have been studied in the fields of architecture 

and thermal engineering. Particularly in mechanical control and 

system management, Mathematical and statistical techniques have 

been developed to optimize the operation and performance of 

boiler fuel supply, heat exchanger flow rate, air conditioning coils, 

and airflow control in ducts[1, 2]. Building and supplementing the 

internal algorithm for the diversified control model for the 

components of HVAC devices have been prioritized. The 

improvement in the control algorithm by correcting the main 

parameters and coefficients based on the experimental data has 

resulted in a continuous improvement in the control and energy 

efficiency of the existing system[1-3].

With rapid advances in the HVAC system and equipment, more 

precise control rules or algorithms are required to effectively cope 

with the indoor environment’s complex and sensitive operating 

conditions. In order to use data-centric statistical methods, 

hardware and software improvements that can process complex 
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calculations are essential. Therefore, many buildings have been 

equipped with large-capacity computing control units. Fuzzy 

inference system (FIS) and artificial neural network (ANN) 

algorithms have been widely used to interpret these devices and their 

data input and calculate response strategies. It has been widely used 

in ambiguous and complex situations where calculating intuitive 

system operation methods is challenging and in areas that require 

deterministic data learning processes. FIS is a highly effective 

deterministic algorithm, requiring the identification of the indoor 

environment and a subjective decision by the user. In particular, 

various membership functions (MFs) of FIS have been developed 

and adopted to define appropriate output level values for fuel use, 

heat transfer fluid capacity, and the temperature of heating and 

cooling supplies[4]. The internal structure of MF in FIS dealing with 

ambiguous situations effectively investigates the performance of 

complex problems such as radiation, convection, ventilation, and 

penetration effects. Therefore, FIS algorithms have been frequently 

utilized in deterministic HVAC models to generate more reliable 

output signals by reflecting subjective and objective variables. In 

contrast, the ANN algorithm is widely used to deal with the hidden 

correlation of various variables where it is difficult to define a clear 

function. Prior to using this model, several variables in the regression 

model were often considered to have no clear correlation since there 

were no hardware or software systems that could effectively process 

the data volume. Various approaches for solving these complex 

KIEAE Journal, Vol. 22, No. 2, Apr. 2022, pp.5-11.

KIEAE Journal
Korea Institute of Ecological Architecture and Environment

114
A Network-based Model to Improve the Constancy of Thermal Comfort and the
Use of Thermal Energy during Sudden Changes in Outdoor Temperature

Jonghoon Ahn*

* PhD, Associate Professor, School of Architecture and Design Convergence, Hankyong National Univ., South Korea (architectism@hknu.ac.kr)

1)

A B S T R A C T K E Y W O R D

Purpose: As real-time indoor thermal data became available, the precision of building thermal control systems has 
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problems have been devised by introducing ANN algorithms and 

high-performance computing systems. In particular, problems that 

were almost impossible to solve with general linear methods, such as 

how mechanical energy supply systems interact with building 

elements, have been solved effectively. Therefore, to review the 

hidden correlation of various variables, the ANN model uses various 

objective functions or algorithms for continuous upgrade and 

refinement of its internal structure[5, 6].

The HVAC system that controls the indoor environment becomes 

more complicated as the use and spatial systems of buildings become 

more complex. Accordingly, the evaluation of comfort, which used to 

rely on the subjective evaluation of users, has been developed in terms 

of mathematical and statistical approaches from various angles. 

Among them, predicted mean vote (PMV) or predicted percentage of 

dissatisfied (PPD) has been used as a representative method to 

increase the objectivity of data analysis of major thermal 

environmental elements constituting the indoor environment. The 

predicted percentage of dissatisfaction has been frequently used to 

compensate for the weakness of the intuitive judgment of the PMV 

index. These quantitative indices that reflect the thermal 

environmental conditions and user characteristics of the indoor 

space's physical elements have been applied to developing and 

improving genetic algorithms through experimental data and 

simulations. Studies have been conducted using several assumptions 

and design scenarios to define the rules of an internal control 

algorithm using FIS or ANN in a simplified model using a simulation 

tool. This relatively objective and quantitative approach allowed for 

effective comparison of the comfort levels in buildings as numerical 

indicators[7, 8]. The FIS and ANN algorithms were also adopted in 

the PMV model to complement the internal interaction between the 

simulation configuration and the operational process. To improve 

existing control rules, the specific thermal situation related to the 

mechanical supply system for heating and cooling air was analyzed by 

applying the numerical change due to several assumptions to the 

algorithm for certain thermal environmental elements directly 

associated with user behavior[9, 10]. Furthermore, various genetic 

algorithms were tested to improve the internal structure of the heating 

and cooling air supply control algorithm or the effectiveness of the 

ANN model. The structure of the HVAC control model has been 

improved through an adaptive model that assumes user behavior for 

connecting to the algorithm. Learning existing data and the statistical 

control model have been gradually supplemented[9, 10].

There has also been ongoing research on current calculation 

methods in response to the precision and complexity of simulation 

models to meet theoretical or practical conditions based on various 

tuning techniques. However, effective research to simultaneously 

enhance energy efficiency and control precision in unpredictable 

situations during the design and operation of an HVAC system has 

not been attempted from various angles. In addition, in a study 

comparing the indoor environmental control performance of the 

existing model and the improved model as well as the accompanying 

increase in energy consumption, an increase in the control errors or 

outliers while adjusting the time range and interval for performing 

the simulation was observed[9-11]. Therefore, it is essential to test 

whether the mid- to long-term adaptive model works effectively to 

suppress control errors that may occur in unpredictable changes in 

external temperature conditions that have not been trained in 

advance and boost the regression model’s validity.

1.2. Method and Scope of Research

The study aims to develop a control algorithm and model that 

maintains comfort homeostasis and effectively supplies thermal 

energy to maintain the indoor temperature at the set temperature 

according to the heat exchange occurring in the internal/external 

temperature difference while suppressing the increase in energy 

consumption that may occur. In comparison with the mechanical 

on/off mechanism of the existing thermostat model, it is intended 

to analyze how effective the control performance of the proposed 

model is in terms of energy consumption and interior comfort 

homeostasis maintenance for a given input value of external 

temperature that has not been given in the training data. 

2. Models and Methods

2.1. Overview of the Indoor Thermal Environment 

Model 

As for the main element constituting the simulation model of this 

study, the building in this study is a small single-story office facility 

with a floor area of 484m2 and a story height of 4.75m. The 

composition of walls and windows was based on the ASHRAE 

90.1.2016 OfficeSmall template in EnergyPlus. The climatic 

conditions used in the simulation were meteorological data from 

January 13 to 20 of New York-Central Park 725033 (TMY3) on the 

EnergyPlus website Weather Data. The unpredictable situation of a 

sudden drop in temperature in the section where the temperature of 

the extremely cold season in New York is gradually rising was 

reviewed, particularly focusing on January 18 to 19, when the average 

Parameter Unit Value
Type of Building N/A Small Office

Width×Depth×Height m 22×22×4.75
Wall Area m2 900

Wall Thermal 
Resistance hour∙℃/J 1.60×10-6

Window Area m2 6.0
Window Thermal 

Resistance hour∙℃/J 5.94×10-7

Table 1. Building geometry
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daily temperature dropped by 10℃ or more. Table 1. shows some of 

the proposed model’s main numerical and thermal coefficients[12]. 

To test how to effectively respond to the temperature difference 

caused by internal/external heat exchange, the simulation tool’s 

building model was simplified to exterior walls, roofs, and 

windows, assuming there was no infiltration or ventilation effect 

through the exterior. Heat function models such as generators, 

HVAC systems, and air handling units for heating and cooling air 

supply were omitted.

The thermodynamic principle for calculating the load and air 

supply control follows the equation below, and the basic form of 

the model and function used is as follows[13]:

   


                                                       (Eq.1)

where Qloss denotes the heat loss to the outdoors, Qgain denotes 

the heat gain from heating and cooling equipment, U denotes the 

internal energy, and t denotes the time.

The equation used to calculate the building envelope load (heat 

loss) is as follows:

   









 
                                     (Eq.2)

where T denotes the temperature, h denotes the heat transfer 

rate, k denotes the thermal transmittance, A denotes the envelope 

area, and D denotes the envelope thickness.

The ratio of internal energy is calculated as follows:




 

                                                 (Eq.3)

where m denotes the mass, and Cv denotes the specific heat at 

constant volume.

The control model is compared and analyzed by calculating the 

change in the indoor temperature according to the change in the 

load at 1-minute intervals using the following equation:
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where Cp denotes the specific heat at constant pressure, ṁ 

denotes the mass flow rate, and Theater denotes the temperature of 

the supply air flowing into the room from the heating device.

To reflect the comfort level of indoor occupants in the 

simulation model, the following PMV and PPD equations are 

used[14]:

                            (Eq.5)

    
  
 



                           (Eq.6)

  -
  

                         (Eq.7)

where M denotes the metabolic rate, L denotes the heat load, Tcl 

denotes the average surface temperature of clothing, fcl denotes the 

DuBois surface area (Acl/AD) ratio, Rc denotes the effective 

thermal resistance of the garment, Ta denotes the indoor dry bulb 

temperature, Tc denotes the average radiant temperature, hc 

denotes the convective heat transfer coefficient, hr denotes the 

radiative heat transfer coefficient, Wa denotes the humidity, and 

Wsk denotes the saturated humidity at skin temperature.

2.2. Overview of the Control Model

The following three heating and cooling supply models are 

assumed based on the indoor load and comfort models.

First, the comparative model is a thermostat-based model where 

the operation starts or stops according to the set temperatures with 

a dead band range of ±1℃ (corresponding to ±2℉ in the US), most 

commonly applied in the actual thermostat model. For example, 

with the cooling temperature set at 26℃, the cooling air stops being 

supplied when the indoor temperature reaches 25℃. With the 

heating temperature set at 22 ℃, the heating air stops being supplied 

when the indoor temperature reaches 23℃.

Second, the FIS model has two inputs for supply air volume 

and temperature. This model uses the temperature difference and 

the amount of change as two inputs, which are specified as the 

temperature difference (E) between the set temperature (Tset) and 

the indoor temperature (Troom), and the amount of change ((ΔE) 

in the control model and the formula below[15]. 

                                                          (Eq.8)

 

    
                                               (Eq.9)

When each value is entered into the triangle membership 

function below, the output is a value from 0 (0 %) to 1 (100 %) 
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for air supply control, and -10℃ and +10℃ for air supply 

temperature control according to each ai, bi, and ci setting 

specified within MF, and sent to the supply air module in the 

simulation[15].

 ∆  










 ≤  →

 ≤  ≤  → 
 

 ≤  ≤  →  
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   (Eq.10)

Third, the ANN algorithm learns the calculated results using the 

seven climatic conditions (1A to 7A) provided by the International 

Energy Conservation Code for the two control models described above. 

In general, ANN algorithms include large classes of multiple structures 

aimed at optimal selection of a nonlinear mapping function x in the 

network[16, 17]. In order to control the air supply air quantity and 

temperature, the schematic ANN algorithm used in this study consists of 

two input layers, 10 hidden layers, and one output layer. According to 

the general ANN working principle, the sum (ni) of the input of x1 and 

xk for each neural network multiplied by the weight wki is used as the 

input to the activation function (g)[16, 17]. As a result of the simulation 

performed with 1,000 iterations per epoch, the statistical validity was 

confirmed for each, with R2 = 0.991504 for the air supply control ANN 

and R2 = 0.989927 for the air supply temperature control ANN.

2.3. Overview of the Simulation Model

Fig. 1. shows a simulation model composed of seven independent 

modules, i.e., signal generator (outdoor temperature and thermal 

environmental elements), thermostat, controller, AC, heater, room, 

and PMV. This model calculates the indoor temperature, heat 

exchange, and PMV values through simulation every minute. Among 

the thermal environmental elements for the efficient calculation of 

PMV values, the external work rate is assumed as 0, air velocity as 0.1 

m/s, metabolic rate (MET) as 1.0, and clothing insulation (clo) as 1.2. 

Depending on the PMV result at that time, the adaptive process in the 

controller module lowers or raises the set temperature by 1℃.

3. Results and Analysis

3.1. Indoor Temperature (Troom) Control

Figs. 2.~4. compare the change in the outdoor temperature (Tout) 

in New York with the indoor temperature (Troom) controlled by the 

model (orange line at the top of Tout) from January 13 to 20. The 

characteristics of the different control models controlling the 

Fig. 1. Simulation model

Fig. 3. Comparison of Tout and Troom by FIS

Fig. 2. Comparison of Tout and Troom by the thermostat

Fig. 4. Comparison of Tout and Troom by ANN
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indoor temperature close to the set temperature (Tset) can be 

observed. As shown in Fig. 2., the thermostat model operating only 

within a predetermined temperature range operates with a relatively 

constant displacement throughout the simulation period. Enabling 

mechanical on/off operation regardless of any unpredictable 

changes in the outside temperature is an advantage of the 

thermostat model. In the FIS model shown in Fig. 3., the control 

fluctuation range is significantly suppressed throughout most of the 

simulation period. The FIS model is a switch model based on 

determinism. An operation similar to the thermostat operation is 

performed while reflecting the change in the outdoor temperature 

to reduce the change in the indoor temperature effectively. 

Although effective response performance is observed even during 

the period from the morning of the 17th to the afternoon of the 19th, 

when the outdoor temperature drops rapidly, unlike the previous 

pattern, numerical results should be confirmed as to whether 

substantial discomfort and energy use suppression was performed at 

abrupt temperature changes below -5℃. Fig. 4. shows that the 

control algorithm of the ANN model is relatively effective. The 

ANN model demonstrates effective room temperature maintenance 

throughout the entire simulation period. This suggests that the ANN 

algorithm trained with the general outdoor temperature change and 

control method performs effective regression analysis despite a 

sudden, unexpected temperature change that greatly deviates from 

the range of existing data and that effective learning has been 

performed even with the results from the temperature control 

model in the thermostat, which is irrelevant to the existing 

thermodynamic equation. 

3.2. Energy Control

Figs. 2.~4. showing the room temperature control pattern can 

be directly connected to the energy use of each model. Figs. 5.~7. 

show changes in the total heating energy supplied based on the 

heat transfer in the room module performed during indoor 

temperature control.

Fig. 5. shows a targeted part of the operation of the supply air 

process through the operation of the thermostat. When the 

indoor temperature falls below the set temperature, the 

thermostat sends a signal to start heating, using about 110MJ of 

energy to supply heat. In addition, the process of turning off the 

system as heating energy is no longer required upon reaching the 

set temperature is regularly repeated throughout the simulation 

period. Fig. 5. shows a targeted view of some sections among the 

control patterns performed by the thermostat at 1-minute 

intervals from 18:00 on January 18 to 12:00 on January 19. 

In contrast, as shown in Fig. 6., the FIS model effectively 

suppresses the overshooting value caused by the dead band 

setting of the thermostat in the process of turning the system on 

and off. However, the peak demand is not significantly different 

from the result through the thermostat. The strength of the ANN 

algorithm is identified in these two areas.

As shown in Fig. 7., energy is supplied consistently in a pattern 

almost opposite to that of the outdoor temperature graph, which 

is expected to alleviate unnecessary overshooting, thereby leading 

Fig. 5. Part of the control pattern of the thermostat

Fig. 6. Heating energy by the FIS

Fig. 7. Heating energy by the ANN

Controller Std. Deviation of PPD Efficiency (%)
Thermostat 8.75 -

FIS 1.90 -78.3
ANN 0.37 -95.3

Table 2. Comparison of the thermal dissatisfaction

Controller Weekly Heating Energy (kWh) Efficiency (%)
Thermostat 30.96 -

FIS 30.58 -1.2
ANN 29.81 -3.7

Table 3. Comparison of the weekly heating energy use
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to a significant economic effect on hardware design, maintenance, 

and repair of air conditioning and heating systems. In addition, 

irregular control did not appear from the 17th to the 19th, when 

an unpredictable temperature drop that had not been included in 

the training data appeared. The effect is confirmed by the 

maximum demand, which was about 80MJ, occurring in the 

early morning hours of the 18th and 19th. This suggests that the 

system can be designed to reduce energy use by about 20% 

compared to the thermostat model and FIS algorithm.

Tables 2. and 3. show the PPD standard deviation and weekly 

heating energy use values obtained through simulation. Regarding 

the thermal environmental index, PMV expresses the thermal 

sensation by distinguishing between positive and negative values. 

With no best-fit model that explains comfort, this study used the 

standard deviation of PPD values as a comparative index. As 

shown in Table 2., the ANN model minimizes changes in the 

indoor thermal environment by keeping the deviation of expected 

dissatisfaction low compared to the thermostat and FIS models. 

The fact that the standard deviation for PPD using a scale of 0 to 

100 is only 0.37 suggests that precise control is being performed to 

suppress the rise and fall of the discomfort level effectively. 

With the precise control of these ANN algorithms, an increase 

in energy consumption is generally expected. However, as shown 

in Table 3., the ANN model suppressed the daytime heating 

energy consumption by about 3.7% compared to the thermostat 

model. This can be interpreted as effectively offsetting the 

increase in energy use for precise control by suppressing the 

overshooting value that occurs when the room temperature 

reaches the set temperature and the maximum required value 

associated with it. Furthermore, the increase in the validity of the 

regression analysis model by supplementing the control error and 

the residual with the set value, which is likely to occur at a specific 

temperature in the data learning process, may have also been a 

factor in suppressing the unnecessary increase in energy use. This 

demonstrates the advantages of the ANN model in association 

with the maintenance of homeostasis in the indoor thermal 

environment and optimization of energy use, suggesting that it is 

possible to effectively control subjective human activities and 

sudden changes in outdoor temperature that deviate from 

expectations in various buildings. 

4. Conclusion

This study attempted a comparative analysis of the control 

performance in maintaining indoor comfort homeostasis and 

energy use of a learning-based network algorithm with a 

thermostat model. Comparative analysis of the simulation results 

revealed that the quality of the indoor heating environment was 

continuously maintained compared to the simple mechanical 

on/off model using the existing thermostat, and the increase in 

energy consumption for this process was effectively suppressed. 

In particular, effective control performance was maintained even 

with the input of outdoor air data, including an unpredictable 

rapid temperature change, which was not used in the training of 

the network model.

Since the proposed model considers an extremely 

unpredictable situation in the outdoor temperature data for a 

certain period, the analysis of experimental models for climatic 

conditions, universally confirmed in reality, will be required. This 

can be used as an algorithm that responds to a sudden change in 

external temperature and suppresses the accompanying sudden 

increase in energy use in buildings with high energy demands, 

such as commercial complexes, hospitals, hotels, and airport 

terminals. For this, a building model based on a precise scenario 

that enables calculation of internal and external indoor 

environmental conditions and loads, as well as an additional 

climate model that can reflect various climate factors, including 

but not limited to the unpredictable changes in the external 

environment and the outside temperature, will be required. 

Furthermore, it will be possible to increase the statistical 

significance of the results by using more data to create a 

regression model based on past climate conditions.

Accordingly, subsequent studies will be conducted to supplement 

the model proposed in this study and increase the significance of the 

results. This includes sophisticated building modeling using 

building data of various uses and sizes, statistical models of 

qualitative user responses, and supplementation of control 

processes using genetic algorithms based on experimental data.
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