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1. Introduction

1.1. Thermal controls

For the improvement of thermal energy supply systems, several 

types of research have tried to define the performance of the 

systems in terms of energy consumption and thermal comfort. In 

order to find an optimized control rule, recent thermal systems 

have investigated the performance of energy savings by use of 

current statistical models and advanced metering methods. In 

addition, the various patterns for heating and cooling supply 

levels were analysed and compared each other. Several different 

strategies in Heating, Ventilation, and Air Conditioning (HVAC) 

system controls were examined to improve the numerical 

performance by means of adjusting parameters, functions, 

regression coefficients of various energy conservation measures 

[1~3]. With the fast development of computing devices, the 

control model can utilize more advanced calculation technologies 

like the Fuzzy Inference System (FIS) and Artificial Neural 

Network (ANN). One of the most distinct characteristics of the 

FIS is to utilize linguistic approaches to solve various ambiguous 

situations that have not been able to solve by means of numerical 

and parametric controls in traditional tuning rules. In the PID and 

FIS models, diagrammatic node topology were examined to 

define better control rules for fuel use in boiler operating systems 
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and valve opening in pipe works. Through the strategy of 

combining FIS and node networks, several variations of control 

rules were tested to maximize control efficiencies of the system 

operations and the distribution networks in building models 

[4~6]. In comparison with traditional methods, the FIS has 

improved sensitive controls for the various situations where 

simple mathematics cannot determine optimized decision. Its 

linguistic logics dealing with ambiguous expressions improved a 

wide range of mathematical and parametric tuning rules 

reflecting many traditional genetic algorithms derived from 

regression analyses[7~9]. Several different types of regression 

models that had been difficult to understand in the past, so many 

researchers have not dealt with a few combined functions. That is 

because the calculation processes exponentially increased when 

only a few variables or functions were exchanged. In these cases, 

by use of experimental or simulated regression analyses, the 

adjustment or compensation of signals by genetic algorithms in 

the FIS structure has sent quite reliable signals to the traditional 

thermal systems. In the field of analyzing sunlight radiation, air 

ventilation, and window infiltration, it has provided very efficient 

signals to find possible correlations and hidden interactions 

between variables. The ANN algorithm has been able to solve 

highly complex models in energy networks which consist of 

boiler, plant, heat exchanger, damper, valve, and mathematical 

topology. And the complex systems have been tested by 

combining actual and virtual models to respond unexpected 
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thermal demands derived from human activities and climate 

changes. In order to define efficiency of comprehensive methods, 

mixture of dampers and resistance coils were tested through the 

data-driven regression analyses to respond to specific thermal 

demands connecting lab-scaled or true-sized building thermal 

systems. The control efficiency of combining the FIS and ANN 

models were examined to effectively operate dampers and 

diffusers in several types of duct works[10,11].

In addition, improving building’s thermal comfort, different 

types of surveyed and modeling researches were examined for 

both of the qualitative and qualitative indices based on user’s and 

building’s characteristics[12,13]. For the quantitative and 

objective analyses, the Predicted Mean Vote (PMV) and the 

Predicted Percentage of Dissatisfied (PPD) methods were used 

through the experimental and simulated genetic algorithms to 

mathematically control the thermal factors. Several approaches 

based on the FIS algorithm were frequently used to define human 

factors, and some design scenarios for indoor thermal conditions 

derived from architectural and occupant characteristics were 

tested to confirm more reliable PMV analyses with experimental 

and simulated data[14,15]. The ANN model was used to 

precisely assess and predict thermal comfort values in the PMV 

method, so that occupant responses were effective indices to 

examine existing control strategies. Amongst, there are several 

approaches reflecting the conditions of building envelopes for 

heating and cooling loads to develop existing control rules in, and 

meanwhile, the refined traditional indices were adopted to 

determine the performance or effectiveness in respond to modern 

standards and regulations in buildings[16,17]. In order to 

improve their performances, useful co-simulation applications 

between thermal load calculation applications and programming 

language modules were used for the real-time reaction 

responding to the changes of outdoor weather conditions. In 

these processes, several energy conservation measures, such as 

envelopes, partitions, mechanical equipment, and thermal 

systems, were utilized to investigate the effect of architectural and 

mechanical elements. Recent studies for the data-driven models 

focused on finding hidden correlations between the various 

energy conservation measures using a multi-layered matrix from 

several experimental and simulated results[18,19]. 

1.2. Problem statement

A number of studies have mainly investigated on system’s 

energy efficiency or their elements related to building geometries 

and machine’s operation. Moreover, many indoor comfort 

models associated with statistical methods have been mostly used 

to find optimized patterns of inner thermal factors. There have 

been some weaknesses to analyze and propose supply air 

conditions for a space scale associated with specific weather 

conditions. At first, an integrated heating and cooling model 

dealing with the mass and temperature of supply air is proposed 

with design scenarios reflecting three different control 

approaches and a weather condition of an in-between season. 

With simulation results, the performance of the proposed model 

is discussed in terms of energy consumption and thermal comfort, 

and in conclusion, the strengths and weaknesses of this 

simulation research are described.

2. Methodology

2.1. Design strategy

In order to find optimized control patterns in the season that 

requires heating and cooling air supply in a day, a building model 

is located on city of Kangneung in South Korea, and utilizes a 

weather file of KOR_Kangnung.471050_IWEC. Based on the 

geometries as indicated in Table 1., a thermal transfer model for a 

space was conceptualized to respond to the heating (or cooling) 

energy transfer derived from the difference between indoor and 

outdoor temperature. When the thermal energy transfer is 

calculated, an energy supply model optimizes supply air 

conditions by means of the amount of air and its temperature. 

With the situation of heat transfer performed, a thermal comfort 

model simultaneously calculates the PMV (and PPD) levels. For 

instance, if the PMV level is out of the range of a setting value 

(-0.5<x<0.5), the thermal comfort model adjusts the setpoint 

temperature. If the PMV value is still outside the set value despite 

of performing this process, the thermal model repeats the process. 

However, if the PMV value is within the initial setting value at 

any phase, this adaptive process is carried out without any 

additional change of setpoint temperature.

This thermal system consists of a heater and a cooler at a single 

duct work. A reference model as a comparison group operates by 

a traditional thermostat on/off controller, and the FIS and the 

ANN model are compared with the thermostat to find the 

performance of controlling energy consumption and thermal 

comfort. Additionally, the ANN model with one adaptive 

controller reflecting the PMV results, as previously mentioned, is 

tested to define any strengths or weaknesses rather than two 

different controllers.

Parameter Unit Value
Wall Area m2 913.9

Wall Thermal 
Resistance

hour·℃/J 1.60E-06

Window Area m2 6.0
Window Thermal 

Resistance
hour·℃/J 5.94E-07

Table 1. Building Geometry
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2.2. HVAC model

From the thermodynamic, a function of thermal energy 

transfer in a space is confirmed:

   


·············································· (1)

where Qloss is heat transfer from an indoor space to an outdoor 

space. Qgains is heat transfer from a heater to a room. U is internal 

energy. t is time.

From the conduction through the walls and windows, thermal 

energy loss of room, is given by:

   

 × 


× 


∈ × 

  ············· (2)

where hout and hin are heat transfer coefficients, k is transmission 

coefficient, A is area, D is depth of envelope.

From the mass flow rate and enthalpy, assuming that there is 

no work in the system, thermal energy gain of room, and the rate 

of internal energy is given by:




  ×  ×
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From the above equations, time derivative of Troom for 

simulation model is obtained:
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2.3. Thermal comfort model

In this simulation research, the thermal comfort is defined by 

the PMV index developed by P.O. Fanger, and also the PPD is 

developed by the exponential of metabolic rate and thermal loads 

from the PMV[20,21].

  ×  ··········· (5)

where, M is metabolic rate, and L is thermal load.

    
  
 



················ (6)

2.4. Control models

The thermostat in this study operates within Tset = ±1°C, 

which is a common setting value in most thermal systems in 

buildings. If the difference between Tset and Troom is larger than 

±1°C, thermostats send an on-signal or an off-signal to the 

thermal system. The FIS is to determine the optimal values of the 

mass flow rate and the temperature of the supply air, which 

depends on the difference between Tset and Troom. As indicated in 

next equations, a membership function is described for two input 

variables, wherein the temperature differences between the 

set-point and room (E) are derivative of the temperature 

difference (ΔE) [22]:

     ············································· (7)

 

  
································  (8)

if    and           (9)

For two output variables for mass flow rate and its 

temperature, the FIS uses five membership functions for each 

input variable with universal of discourse 0 (0%) to 1 (100%) for 

an air mass control and -10 to 10 for an air temperature control. 

It was assumed that the range of controlling the amount of mass 

in the output variable was 0 (0%) to 1 (100%). The first layer 

consists of inputs 1 and 2, which supplies the input values to the 

next layer. In the FIS inner structure, triangle membership 

functions are chosen with a maximum equal to 1 and a minimum 

equal to 0 [22].

 ∆  










 ≤ →

 ≤  ≤ → 
 

 ≤  ≤ →  
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   (10)

The Artificial Neural Network (ANN) algorithm includes a 

large class of several structures, and the appropriate selections of 

a nonlinear mapping function x with a network are required [23, 

24]. The ANN controller in function approximation is the 

multilayer layer perception which consists of two input layers, 10 

hidden layers, and an output layer. The inputs x1,…xk to the 

neuron are multiplied by weights wki and summed up with the 

constant bias term θi, and the resulting ni is the input to the 

activation function g [23, 24]. The ANN model used in this study 

consisted of the two inputs of E and ΔE from the thermostat 

controller, an output layer for control signal for amount of 

supply air and its temperature. Then, it was trained to examine 

control patterns which are able to maintain the room temperature 

to meet with the range of the PMV setting. For this algorithmic 

process, a scale conjugate gradient algorithm and maximum 1000 
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iterations were utilized, so the R2 values were confirmed as 

0.99430 for amount of mass control and 0.99649 for its 

temperature control, respectively, which was enough to confirm 

as high statistical validation values.

Fig. 1. describes a simulation block model for this simulation 

research. By use of the difference between indoor and outside 

temperature, the thermal loads were calculated. In order to 

maintain room temperature within set-point temperature, the 

thermal system produces exact amount of cooling or heating 

supply air. During this process, the PMV (and PPD) value is 

calculated at every minute and adaptive module adjusts the 

amount of cooling or heating supply air to lower possible thermal 

dissatisfaction. 

3. Results

3.1. Room temperature

Fig. 2. displays the outdoor temperature of City of Kangneung 

at May 4th, which was retrieved from the Weather Data in the 

EnergyPlus website of the US Department of Energy. Fig. 3.~Fig. 5. 

describe the patters of Troom controlled by the thermostat, the 

FIS, and the ANN controllers. The change of the room 

temperature for the thermostat is quite wide but shows regular 

patterns. These fluctuations can imply that the thermostat 

controller is effective in reducing its energy use, but it may have 

disadvantages to retain the constancy of indoor thermal comfort. 

In Fig. 4., the FIS controller produces quite improved 

temperature patterns. The changes of temperature by the FIS 

controller effectively reduces the fluctuations of Troom. As 

indicated in Fig. 5., the ANN more effectively controls Troom 

within the Tset near about 17.5°C and 25.5°C. This result 

Fig. 1. ANN Building Control Model for Troom

Fig. 2. Outside Temperature of Kangneung at May 4th

Fig. 3. Room Temperature Controlled by the Thermostat

Fig. 4. Room Temperature Controlled by the FIS

Fig. 5. Room Temperature Controlled by the ANN
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implies the fact that ANN’s learned and precise controls makes 

the pattern of Troom quite flat and consistent. On the other hand, 

it is necessary to check how energy consumption is going because 

consistently maintaining Troom can use more energy to keep the 

patterns appropriate.

3.2. Energy demand

Fig. 6.~Fig. 8. display the change of heating and cooling energy 

demands to maintain Tset by the three different controllers. In the 

case of the thermostat, it is confirmed that some constant changes 

of heating and cooling energy used, from 00:30 to 07:00, and 

from 11:00 to 20:00. Unlike the thermostat, the FIS has a very 

complex patterns at specific time zones depending on the outside 

temperature changes. Especially, there are quite large fluctuations 

of temperature changes between the areas where the system does 

not need to be operated and where the system begins to operate. 

This implies the fact that some inefficiencies can be created until 

the signals are stabilized by the inner algorithm within the 

thermal system. In the graphs, heating is on the top and cooling is 

on the bottom, relative to 0 on the y-axis.

The ANN model shows a distinctly different change pattern of 

Troom. In terms of the fluctuations, the heating and cooling energy 

was consistently required to operate the system following its inner 

algorithm. It can be seen that significant additional energy 

consumption is required to improve indoor thermal comfort. On 

the other hand, as seen in the graph for cooling from 10:30 to 

13:00, it can help prevent unnecessary overshooting from several 

on-off signals. This aspect can be confirmed at maximum 

temperature at the beginning when the system turned on in Fig. 

3.~Fig. 5..

4. Discussion

Table 2. displays the average values of the absolute numbers of 

the PMV results. Since the PMV levels proceed on both sides 

(positive e and negative) on a zero basis, simply on average there 

is an ambiguity in determining the system’s performance, so the 

absolute values are utilized in this comparison. As shown in the 

figure, the FIS model shows an improvement over the thermostat, 

but the effect is very insignificant. However, it can be predicted 

from the graph patterns, as it minimizes fluctuations of the 

control patterns and mitigates overshooting at the point when the 

system is turned on, the ANN model’s performance for thermal 

comfort is relatively significant as compared to the result of the 

FIS controller. In terms of excluding ambiguity, the comparison 

of energy consumption can be one of the most effective methods 

to investigate the performance of each system. Table 3. displays 

the results of the energy transfer between the inside and outside. 

Within the dead-band (±1°C) of the setting Tset, the both of 

algorithms that maximizes indoor comfort can be confirmed to 

increase energy consumption.

5. Conclusions

This research analyzed three different indoor thermal 

controllers to reach the indoor set-point temperature effectively 

by controlling the amount of air and its temperature. At the same 

time, it investigated the performance an adaptive model for 

improving indoor thermal comfort within the setting range of 

set-point temperature without considering the increase of energy 

Fig. 6. Heating and Cooling Energy Controlled by the Thermostat

Fig. 7. Heating and Cooling Energy Controlled by the FIS

Fig. 8. Heating and Cooling Energy Controlled by the ANN

Controller PMV (Avg. of Abs.) Efficiency (%)

Thermostat 2.94 -

FIS 2.93 0.17 (↑)

ANN 2.56 12.96 (↑)

Table 2. Comparison of Thermal Comfort by the PMV
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consumption. In the viewpoint of effectively maintaining indoor 

thermal comfort level, it was confirmed that the ANN controller 

showed quite high performance near 13% more efficient than the 

conventional thermostat. However, of energy consumption, both 

of the FIS and the ANN controllers were found to be over about 

0.5% and 11.6% less efficient, respectively.

As a result, the artificial neural network controller responding 

to users’ comfort levels properly worked to improve the thermal 

comfort level, but the aspect caused a quite significant increase in 

energy consumption. This may be an inevitable result of the need 

for additional energy use in the operation of more complex 

thermal systems ro buildings than in the past. Thus, a follow-up 

study will perform to develop a systematic and comprehensive 

model of how much the user’s thermal comfort could increase 

economic feasibility in the operation of the building as a whole, 

despite the increase in energy use. Through this framework it is 

necessary to find an improved methodology that balances the 

performances of system’s energy consumption with users’ 

thermal comfort.
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