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Abstract: For the sustainable use of building spaces, various methods have been studied to satisfy
specific conditions required by the characteristics of space types and the energy use in operation.
However, several effective control approaches adopting the latest statistical tools may have problems
such as higher control precision increases energy consumption, or lower energy consumption
decreases their control precision. This study proposes an optimized model to reach the indoor
set-point temperature by controlling the amount of heating supply air and its temperature and
investigates the efficiency of an adaptive controller to maintain indoor thermal comfort within setting
ranges. In the consistency of the comfort level, the fuzzy logic controller was found to be 1.76% and
the artificial neural network controller to be 17.83%, respectively, more efficient than the conventional
thermostat. In addition, for energy use efficiency, both of the controllers were confirmed to be
over 3.0% more efficient. Consequently, the network-based controller with the adaptive controller
checking comfort levels effectively works to improve both energy efficiency and thermal comfort.
This improvement can be significant in places such as commercial high-rises, large hospitals, and data
centers where many spaces are intensively woven with appropriate thermal environments to maintain
users’ workability.

Keywords: building space; thermal comfort; energy use; fuzzy inference system; artificial neural
network; cold weather

1. Introduction

1.1. Building Thermal Controls

For sustainable buildings, many studies on the reduction of fossil energy use have been
continuously conducted including expanded levels of plants, distribution networks, air handling
systems, and diffusers. Related studies have diagnosed the efficiency of the systems and identified
the possibility of energy savings and indoor environment quality and have been in-depth on how to
control them in various areas. However, energy savings themselves can cause a deterioration in the
quality of the indoor thermal comfort by lowering the indoor set-point temperature and the number
of air ventilation. Thus, the studies for sustainable buildings will have to balance energy savings,
which are directly related to economic feasibility, and indoor thermal comfort, which can be associated
with users’ workability and productivity.

By improvement of plants, distribution networks, and sub-generation systems, several studies
have diagnosed the efficiency of the systems and identified the possibility of energy savings and
indoor environment quality. Unlike past systems operated with limited resources such as steam
and coal, the current thermal systems have pursued a higher level of optimized energy use by
utilizing various control strategies. By use of advanced statistical models, precise metering energy
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consumption was performed, and the variations of heating load patterns as components in building
models were compared. The Proportional Integral Derivative (PID) model was commonly developed
with computing applications to improve the performance of plants, turbines, and their operations.
Several control strategies in Heating, Ventilation, and Air Conditioning (HVAC) systems were tested to
improve the control performance by using parameter adjustments, tuning rules, and adopting genetic
algorithms [1–3].

With the help of the development of computing software and hardware, the control model
performance was rapidly improved by adopting more advanced algorithms such as the Fuzzy Inference
System (FIS) and Artificial Neural Network (ANN). The linguistic approaches of the FIS model assisted
to solve various mathematical parametric controls and traditional tuning rules that revealed some
limitations of the conventional reasoning. By comparing control errors and their derivatives by PID and
FIS models, some variations of node topology were tested to define control rules for fuel use in boiler
systems and distribution networks in district models. 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 [4,5]. As compared to conventional
control algorithms, the FIS has provided optimized controls for the various situations where simple
mathematics cannot determine appropriate signals, and it has been used to create more reasonable
rules for controls. Its linguistic logics reflecting ambiguous expressions complemented a wide range of
mathematical and parametric methods reflecting many traditional tuning algorithms based on actual
experiments [6,7]. By use of genetic algorithms reflecting regression analyses derived from existing
data and experiments, the signal adjustment or compensation by the FIS model has concluded quite
effective results at the several case studies of HVAC systems [8,9]. The ANN system has been able to
solve several problems that had been difficult to understand in the past. When there were not effective
computing devices, many researchers have not dealt with a few combined functions. That is because
the calculation processes exponentially increased so that they cannot handle them. Specifically, it has
provided very efficient solutions in the areas of analyzing day-lighting impacts, indoor air ventilation
and infiltration, and surface heat radiance requiring finding hidden correlations and interactions from
huge data. The effective control methods from the comprehensive comparisons were used to define
more realistic energy use or assess energy consumption patterns near the future by use of several
iterations of the ANN structure [10,11]. The ANN algorithm has been able to solve complexity problems
in distribution network models dealing with combustion and circulation in plant levels, valves or
dampers in distribution levels. In specific cases, they were tested by combining experimental models
to respond various demands derived from different indoor and outdoor conditions [12–14]. In some
algorithms, mixing methods of dampers and resistance coils were tested through the experimental
data and data-driven regression to rapidly react thermal demands connecting some different building
geometries and climate conditions. Specific models tested the control efficiency of combining the
FIS and ANN models for operating dampers and diffusers in a single duct work and distribution
networks [15–17].

In addition to these operational aspects of building thermal systems, for the improvement of
thermal comfort levels in buildings, some questionnaire-based researches were studied by means
of various qualitative indicators based on user’s and building’s characteristics [18–20]. Unlike the
subjective analyses for thermal comfort, mathematical Predicted Mean Vote (PMV) and Predicted
Percentage of Dissatisfied (PPD) methods were used through the refined FIS membership matrix to
effectively control thermal comfort system. The ANN model was also used to assess and predict more
precise thermal sensation votes to improve the conventional rule based PMV index. According to some
models and genetic algorithms to adjust conventional control rules, occupant responses can be used
to improve control strategies and indoor thermal situations associated with the reduction of energy
consumption [21,22]. Amongst, several traditional approaches reflecting the conditions of building
envelopes for heating and cooling loads were developed in extreme weather areas, and meanwhile,
traditional indices were adopted into the models to define the validity of built environments in respond
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to modified guidelines and regulations [23,24]. In order to modify several elements and factors in the
thermal sensation votes, some design strategies were selected to assess the non-deterministic linguistic
values such as quite hot or a bit cool. Unlike the other deterministic models, the fuzzy approaches
were frequently used to define human factors in mathematical sensation votes. Various design
scenarios for indoor thermal conditions derived from architectural components, thermal conditions,
and users’ characteristics were considered to define much more reliable calculation for the PMV levels.
By use of modified genetic algorithms derived from experimental data, several functions for the
ambiguous situations were developed to maintain the level of buildings’ energy performance [25–27].
In developing the models precisely and practically, comprehensive co-simulation applications dealing
with the communication between the thermal calculation and the computing language applications
were utilized for their real-time correction in controlling indoor environments responding to the
outdoor climate condition. In addition to the mathematical controls, several energy conservation
measures, such as walls, partitions, windows, doors, lighting, and heating and cooling systems,
were adopted to define physical limitations of architectural elements [28,29]. Recent studies for the
data-driven deterministic methods were mainly aimed at defining hidden factors or correlations
between the energy conservation measures and the mechanical systems using a multi-layered matrix
from several experimental regression models [30,31].

1.2. Problem Statement

Despite of useful results, a number of studies have focused on energy efficiency, either by
setting accuracy too high and causing an increase in energy consumption, or by arbitrarily excluding
thermal factors related to users’ indoor comfort. Moreover, several thermal control models associated
with advanced statistical tools were mostly used to optimize their fuel efficiency and operational
effectiveness in plant and building scales. There are some disadvantages, for example, it was difficult
to optimize supply air conditions for a space scale in a very cold area. In this study, an integrated
method dealing with controlling supply air mass and its temperature is proposed with the analyses of
the predicted mean vote and the heat transfer. In discussion, the performance of the proposed model
is compared with a conventional thermostat on-off controller. In conclusion, the effectiveness of the
proposed model is described in the viewpoint of thermal comfort and energy use.

2. Methodology

2.1. Design Strategy

The main purpose of this study is to control the condition of supply air in responding to the change
of thermal demands while the amount of heat transfer is determined in a very cold area. In order to
find optimized control patterns, it is important to analyze the hidden interactions between the thermal
energy transfer and the human comfort sensation. A design strategy for controlling indoor thermal
conditions in this study is described as below:

(1) Based on the envelope conditions, a thermal transfer model for a space calculate the heating
(or cooling) energy transfer responding to the outdoor temperature;

(2) 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;

(3) After the process, a thermal comfort model calculates the space’s PMV (and PPD) level.
(4) If the PMV level is out of the range of a designated level (−0.5 < x < 0.5), an adaptive controller

adjusts the setpoint temperature within the set value range;
(5) If the PMV level is still out of the range of a designated level (−0.5 < x < 0.5), the adaptive

controller additionally adds weighted values for the setpoint temperature;
(6) If the PMV value is still outside the set value despite of performing these two processes,

the adaptive controller repeats the previous two processes;
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(7) In any point of the previous three processes, if the PMV value is within the designated level,
the optimization process of the supply air is carried out without any additional setpoint
temperature adjustment.

The amount of supply air is controlled by the angle of the damper, but unlike liquids, the flow
rate of air is relatively linearly proportional, so the model assumes that the opening angle is the same
as the amount of air mass. Since the heat loss is assumed only as the conduction of the exterior wall,
the roof and the penetration, and the heat gain did not include sensible or latent heat from people
and equipment, the energy use may be quite different to actual building spaces. A follow-up study
will complement this weakness by using more refined models. In addition, in order increase the
efficiency of the simulation process, some thermodynamics are simplified or neglected such as pressure
variations of indoor air speed, air leakage between envelopes and duct systems, and airflow in the duct
and the space. Table 1 describes building geometries used in the OpenStudio and design parameters
derived from the ASHRAE standards and related specifications [32,33]. The outdoor temperature of
Central Park in New York City in January 23rd, which was retrieved from the weather data from the
US Department of Energy (US DOE).

Table 1. Design parameters.

Geometry Unit Value

Room Width × Depth × Height m 23.80 × 23.80 × 3.65

Wall
Area m2 347.48

Depth m 0.2
Thermal Resistance hour·◦C/J 1.60 × 10−6

Window
Area m2 6.00

Depth m 0.01
Thermal Resistance hour·◦C/J 5.94 × 10−7

The building thermal system is driven by a heater and a cooler with a single duct work. A reference
model as a comparison group operates by a conventional thermostat on-off switch, and intelligent
models tested in are controlled by the FIS and the ANN model which consist of linguistics algorithm
and network-based learning systems. In the case of the ANN model, as indicated in the previous
paragraph, one adaptive controller controlled by the PMV results is added to adjust the setpoint
temperature of the thermal system.

2.2. HVAC Model

From the thermodynamic first law, the thermal energy transfer in a room of Figure 1 is given by [34]:

Qloss + Qgain =
du
dt

(1)

where Qloss is heat transfer from room to outside and Qgain is heat transfer from heater to room. u is
internal energy, and t is time.
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From the conduction through the walls and windows, thermal energy loss of room, Qloss is given by:

Qloss = (Troom − Tout)/
{

1
(hout ×A)

+
D

(k×A)
+

1
(hin ×A)

}
(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, Qgain is given by:

Qgain =
.

mht ×Cp × (Tht − Troom
)

(3)

The rate of internal energy is given by [32]:

du
dt

= mroomair ×Cv ×
dTroom

dt
(4)

From the above equations, time derivative of Troom for simulation model is obtained:

dTroom

dt
=

1
mroomair ×Cv

×

((
Troom − Tout

1/hout ×A + D/k×A + hin/A

)
+

( .
mht ×Cp × (Theater − Troom)

))
(5)

2.3. Thermal Comfort Model

Thermal comfort is commonly measured by the Predicted Mean Vote (PMV) developed by P.O.
Fanger. From the PMV model, the Predicted Percentage of Dissatisfied (PPD) below is developed by
the exponential of metabolic rate and thermal loads [33,34].

PMV = 3.155
(
0.303e−0.114M + 0.028

)
L (6)

where M is metabolic rate. As well, L which is thermal load is given:

L = qmet,heat − fclhc(Tcl − Ta) − fclhr(Tcl − Tr) − 156
(
Wsk,req −Wa

)
−0.42

(
qmet,heat − 18.43

)
− 0.00077M(93.2− Ta) − 2.78M(0.0365−Wa)

(7)
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where qmet,heat is metabolic heat loss, Tcl is average surface temperature of clothed body, fcl is ratio
of clothed surface area to DuBois surface area, Ta is air temperature, hc is convection heat transfer
coefficient, Tr is mean radiant temperature, hr is radiative heat transfer coefficient, Wa is air humidity
ratio, and Wsk is saturated humidity ratio at the skin temperature.

These two equations are used to detect thermal comfort level for buildings. Also, the PPD levels
are defined by an exponential function of the PMV like below:

PPD = 100− 95e(−0.03353PMV4
−0.2179PMV2) (8)

2.4. Thermostat On-Off Controller

The thermostat on-off model in this study operates within Tset = ±1 ◦C, which is commonly used
as a default configuration for most thermostats equipped in residential and commercial buildings. If the
difference between Tset and Troom is larger than the values of ±1 ◦C, thermostats send an on-signal or
an off signal to a thermal system. For instance, if Tset is 20 ◦C and Troom is 18 ◦C, the thermostat used
in this study sends on-signal to the heater.

2.5. Fuzzy Inference System (FIS) Controller

As indicated, there are two different models to process signals for efficient controls of the thermal
energy and indoor comfort as compared with the thermostat. The purpose of the FIS controller 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. Equations below describe a membership function for two
input variables in the FIS model: wherein the temperature differences between the set-point and room
(E) are derivative of the temperature difference (∆E) [35]:

E = Tset − Troom (9)

∆E =
(En − En−1)

∆t
(10)

For using these two variables (E) and (∆E), the controller in this simulation work utilizes the
first-order Sugeno model with two inputs and fuzzy IF-THEN rules [35].

i f x is A and y is C then f1 = p1x + q1y + r1 (11)

The two inputs x and y are utilized for the membership function, which reflects an adaptive node
consists of a triangular function for A and C. For deterministic phase in the FIS, triangle membership
function µ(x) is given [35].

µ(x) = triangle(x; ai, bi, ci) =


x ≤ ai → 0

ai ≤ x ≤ bi →
(x−ai)
(bi−ai)

bi ≤ x ≤ ci →
(ci−x)
(ci−bi)

ci ≤ x→ 0

(12)

where, (ai, bi, ci) is the set of parameters set that in the layer are referred to as premise parameters,
which reflects a triangular membership function.

In the triangular membership functions, two output variables for mass flow rate and its temperature
uses the range of maximum equal to 1 and minimum equal to 0, which means that universal of discourse
0 (0%) to 1 (100%) for amount of air mass. Likewise, a value of 0 represents 0 and 1 does 10 for heating
(or −10 for cooling) for controlling supply air temperature [35].
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2.6. Artificial Neural Network (ANN) Controller

The Artificial Neural Network (ANN) algorithm consists of a large class of several structures,
and the appropriate selections of a nonlinear mapping function x with a network are required [36,37].
The ANN model in function approximation is the Multilayer Layer Perception (MLP) which consists of
two input layers, 10 hidden layers, and an output layer used in this study. 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 [36,37]. The ANN model used in this study consisted of the
two inputs of E and ∆E from the thermostat controller, an output layer for control signal for amount of
supply air and its temperature. The ANN model was trained to define optimized control patterns that
can maintain the room temperature most consistently to meet the PMV setting range. In this process,
a scale conjugate gradient algorithm was used, and the number of iterations was limited to 1000 or
less. The ANN algorithm was trained to find a better regression model in association with energy use
responding to the outside temperature by the same simulation configuration of this phase. With under
10 times of the statistical validation repetition, the R2 values were confirmed as 0.99541 for amount of
mass control and 0.99750 for its temperature control, respectively, which was enough to confirm as
high statistical validation values.

2.7. Simulation Model

Figure 1 describes a simulation block diagram. Overall, the simulation model consists of six
different modules: HVAC model (Thermal System in Figure 1); control model (Tset, FIS, and ANN in
Figure 1); space Model (Building in Figure 1); PMV model; adaptive controller (Adaptive_Comfort
in Figure 1); signal generators for thermal factors. In order to maintain Troom for Tset, the HVAC
model calculates appropriate signals for amounts of supply air and its temperature and sends them to
the space model. From the results, the PMV model calculates the real-time comfort levels, and then,
the adaptive controller determines whether Tset needs to be adjusted or not. With this determination,
the ANN modules calculate and send optimized signals to the HVAC model. Each phase is repeated in
this order for 24 h. For the calculation for the PMV values, some variables were assumed: mean radiant
temperature was 18 ◦C; relative humidity was 50%; external work rate was 0; air velocity was 0.1m/s;
metabolic rate was 1.0 W/m2; clothing insulation was 1.0 m2

·K/W. Additional design parameters for
the simulation template were adopted from the ASHRAE standards 55, and 90.1, and the Engineering
Toolbox guidelines.

In this simulation, if the PMV value at certain time is higher than 0.5 or lower than−0.5, the adaptive
comfort module sends adjusted signals for cooling or heating supply air. If this situation still occurs
in the next time step, the adaptive comfort module continues to send adjusted signals to the thermal
system till the PMV value is within the setting range. Through this adaptive rule, system’s control
occurs in a way that minimizes indoor thermal dissatisfaction, and the energy used in these controls is
compared with the amount of heat gain and loss.

3. Results

3.1. Indoor Temperature

Figure 2 displays the outdoor temperature of Central Park in New York City on 23rd January
which was retrieved from the weather data from the US Department of Energy (US DOE). The date of
the lowest daily average temperature in winter was chosen, and as shown in the graph, the temperature
is mostly below −10 ◦C. Uniquely, however, the temperature rises slightly at night. Figures 3–5 describe
the comparison of Troom controlled by the thermostat, the FIS and the ANN models. It can be seen that
the range of temperature fluctuation for the thermostat is quite wide but regular. These fluctuations
in temperature from the thermostat’s on-off functions may be effective in reducing its energy use,
but there are disadvantages in maintaining the constancy of actual users’ thermal comfort.
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Figure 4 describes the mostly improved temperature patterns controlled by the FIS control.
As mentioned, the temperature changes by the thermostat on-off model may be disadvantageous to
control of the Troom, but the FIS model effectively reduces the range of the temperature fluctuations.
However, Figure 5 shows the even improved performance of Troom retention within the Tset by the
ANN control model. Through learned and precise controls, it controls Troom quite flat and consistent,
which can be regarded as having a relatively appropriate thermal comfort, but it can be possible that
the energy use needs more.

3.2. Heating Gain

Figures 6–8 clearly show the heating gain changed to maintain Tset by the three different controllers.
In the case of the thermostat, as in the room temperature graph pattern, there is a constant change
of heating gain, from 0 to 12 on y-axis, at 24 h a day. Unlike the thermostat, the FIS has a very
complex aspect depending on the outside temperature change, which in turn is reversed with the
room temperature graph in Figure 3. In areas where Troom are maintained at about 17.2 to 17.3 ◦C,
heating gain appears quite large, while areas where Troom is maintained at about 17.7 to 17.8 ◦C,
there is fewer heating gain. A relatively different pattern after 19:00, which can be inferred that the
membership function of the FIS internal algorithms has begun to be applied in a different way when
the outside temperature starts to rise above −10.5 ◦C.

Sustainability 2020, 12, x FOR PEER REVIEW 9 of 17 

 
Figure 5. Room temperature controlled by the ANN controller. 

3.2. Heating Gain 

Figures 6–8 clearly show the heating gain changed to maintain Tset by the three different 
controllers. In the case of the thermostat, as in the room temperature graph pattern, there is a constant 
change of heating gain, from 0 to 12 on y-axis, at 24 h a day. Unlike the thermostat, the FIS has a very 
complex aspect depending on the outside temperature change, which in turn is reversed with the 
room temperature graph in Figure 3. In areas where Troom are maintained at about 17.2 to 17.3 °C, 
heating gain appears quite large, while areas where Troom is maintained at about 17.7 to 17.8 °C, 
there is fewer heating gain. A relatively different pattern after 19:00, which can be inferred that the 
membership function of the FIS internal algorithms has begun to be applied in a different way when 
the outside temperature starts to rise above −10.5 °C. 

 
Figure 6. Changes of heating gain controlled by the thermostat controller. 

As indicated in Figure 8, the ANN model shows a distinctly different graph pattern as in Troom 
graph. In order to maintain the constancy of indoor thermal comfort, the heating gain required to 
keep indoor temperatures steady for 24 h in the range of 17.2 to 17.3 °C. This, as seen in the thermostat 
graph, can help prevent unnecessary overshooting from several on-off signals for heating supply air 
between 0 and 12, as well as increase efficiency in the system or capacity design by predicting the 
minimum and maximum requirements for heating energy supply for 24 h. 

Figure 6. Changes of heating gain controlled by the thermostat controller.



Sustainability 2020, 12, 8515 10 of 17
Sustainability 2020, 12, x FOR PEER REVIEW 10 of 17 

 
Figure 7. Changes of heating gain controlled by the FIS controller. 

 
Figure 8. Changes of heating gain controlled by the ANN controller. 

4. Discussion 

4.1. Comparison of Thermal Comfort 

Table 2 describes the standard deviation of the PMV index. Since the PMV levels proceed on 
both sides (positive and negative) on a zero basis, simply on average there is an ambiguity in 
determining the system’s performance. Therefore, the standard deviation was calculated because it 
can be more effective to investigate its efficiency using errors from the reference value. As indicated, 
the FIS is by 1.76% and the ANN is by 17.83% more effective than the thermostat controller, 
respectively. As indicated in Figures 9–11, about half of the time range, the PMV levels was on near 
−1.8, which means that users can feel a bit cold in the time range. Although typical recommended 
indoor temperature of typical offices is set at 20 °C (68 °F) in winter, some guidelines such as from 
Canada and WHO recommend that the heating temperature in winter is enhanced to 18 °C. In this 
study, for testing higher energy saving potentials, the 18 °C was utilized as a heating set-point in 
winter. In fact, it is not easy to figure out a clear result that the difference of the PMV between setting 
up and actual values affects the productivity and workability of a specific building space. Therefore, 
the issue of differences in thermal comfort at these reference values and how the mean or standard 
deviation values results in any economic effect is a part of follow-up studies. 
  

Figure 7. Changes of heating gain controlled by the FIS controller.

Sustainability 2020, 12, x FOR PEER REVIEW 10 of 17 

 
Figure 7. Changes of heating gain controlled by the FIS controller. 

 
Figure 8. Changes of heating gain controlled by the ANN controller. 

4. Discussion 

4.1. Comparison of Thermal Comfort 

Table 2 describes the standard deviation of the PMV index. Since the PMV levels proceed on 
both sides (positive and negative) on a zero basis, simply on average there is an ambiguity in 
determining the system’s performance. Therefore, the standard deviation was calculated because it 
can be more effective to investigate its efficiency using errors from the reference value. As indicated, 
the FIS is by 1.76% and the ANN is by 17.83% more effective than the thermostat controller, 
respectively. As indicated in Figures 9–11, about half of the time range, the PMV levels was on near 
−1.8, which means that users can feel a bit cold in the time range. Although typical recommended 
indoor temperature of typical offices is set at 20 °C (68 °F) in winter, some guidelines such as from 
Canada and WHO recommend that the heating temperature in winter is enhanced to 18 °C. In this 
study, for testing higher energy saving potentials, the 18 °C was utilized as a heating set-point in 
winter. In fact, it is not easy to figure out a clear result that the difference of the PMV between setting 
up and actual values affects the productivity and workability of a specific building space. Therefore, 
the issue of differences in thermal comfort at these reference values and how the mean or standard 
deviation values results in any economic effect is a part of follow-up studies. 
  

Figure 8. Changes of heating gain controlled by the ANN controller.

As indicated in Figure 8, the ANN model shows a distinctly different graph pattern as in Troom
graph. In order to maintain the constancy of indoor thermal comfort, the heating gain required to keep
indoor temperatures steady for 24 h in the range of 17.2 to 17.3 ◦C. This, as seen in the thermostat
graph, can help prevent unnecessary overshooting from several on-off signals for heating supply air
between 0 and 12, as well as increase efficiency in the system or capacity design by predicting the
minimum and maximum requirements for heating energy supply for 24 h.

4. Discussion

4.1. Comparison of Thermal Comfort

Table 2 describes the standard deviation of the PMV index. Since the PMV levels proceed on both
sides (positive and negative) on a zero basis, simply on average there is an ambiguity in determining the
system’s performance. Therefore, the standard deviation was calculated because it can be more effective
to investigate its efficiency using errors from the reference value. As indicated, the FIS is by 1.76%
and the ANN is by 17.83% more effective than the thermostat controller, respectively. As indicated in
Figures 9–11, about half of the time range, the PMV levels was on near −1.8, which means that users
can feel a bit cold in the time range. Although typical recommended indoor temperature of typical
offices is set at 20 ◦C (68 ◦F) in winter, some guidelines such as from Canada and WHO recommend that
the heating temperature in winter is enhanced to 18 ◦C. In this study, for testing higher energy saving
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potentials, the 18 ◦C was utilized as a heating set-point in winter. In fact, it is not easy to figure out a
clear result that the difference of the PMV between setting up and actual values affects the productivity
and workability of a specific building space. Therefore, the issue of differences in thermal comfort at
these reference values and how the mean or standard deviation values results in any economic effect is
a part of follow-up studies.

Table 2. Comparison of standard deviations of daily thermal comfort by controllers.

Controller Standard Deviation of the Daily PMV Values Efficiency (%)

Thermostat 1.29 -
FIS 1.27 −1.76

ANN 1.06 −17.83
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4.2. Comparison of Energy Demand

At the viewpoint of the clear quantification, the energy use can be a common and effective index
to investigate the performance of systems. Table 3 displays the results of the daily energy transfer
between the indoor and outdoor space. As indicated, the FIS and the ANN achieved over 3% of energy
use efficiency rather than the thermostat controller. Rather than the improved performance in thermal
comfort, summarized by possible productivity and workability mentioned in the previous section, it is
shown by the efficiency of the two models as a result of clearly quantification.

Table 3. Comparison of daily energy transfer by controllers.

Controller Daily Energy Transfer (MJ) Efficiency (%)

Thermostat 7.15 -
FIS 6.92 −3.30

ANN 6.93 −3.10

The result values of 3.30% for the FIS and 3.10% for the ANN, respectively, can be interpreted as
clear efficiency in that it can reduce actual energy use or reduce capacity in the HVAC system design.
This aspect can be clearly seen in the room temperature graphs in Figures 3–5, where the thermostat
model was controlled at an average of 18 ◦C responding to Tset. However, due to the operation of the
adaptive controller, the FIS and the ANN models were controlled at an average of 17.6 ◦C and 17.3 ◦C,
respectively. The results of these indoor temperature controls at the PMV levels are shown to be a
reduction in energy transfer.

4.3. Comparison of Controlled Signals

As shown in Figures 12 and 13, the heating supply air graphs for the FIS and the ANN models
are almost the same as the temperature graphs, except the FIS situations where the system opens
its damper less than 0.5 (50% opening) near 14:00. It can be assumed that within the FIS algorithm,
the control of the amount of heating supply air is more advantageous in order to accurately match the
Troom to the Tset. However, the signal for the amount of air from the FIS reached 1.0 (100% opening)
ranging from 06:00 to 11:00, from 12:00 to 14:00, and from 16:00 to 19:00.
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This means that at a certain point in time, the amount of heat exchange cannot be handled by the
mass control to maintain Troom for Tset.

As shown in Figure 14, it can be seen that the supply air temperature from the heater exceeds 50 ◦C
in those areas. This aspect proves that the difference in efficiency may not be greater than expected
in the algorithm to reduce energy loss based on indoor thermal comfort. In the case of the ANN in
Figure 15, the amount of supply air and its temperature control patterns are identified in all cases
similar to changes in Troom. This data learning-based method can be applied in favor of calculating
the capacity of the system for heating, since it can eliminate possible overshoots and optimize the mass
and temperature controls due to heat transfer at relatively low outside temperature. Another strength
of the ANN is confirmed where the outdoor temperature has been continuously dropping after 19:00.
In the case of the FIS, it can be confirmed that non-continuity exists in the application of algorithm
according to Tset of the thread of internal fuzzy membership function, but the ANN calculates relatively
predictable signals in non-predictable situations based on the learning. These advantages confirm that
ANN is a more effective model for controlling indoor environments in non-specific situations derived
from the changes in users’ characteristics, climate change, or local abnormal weather conditions. On the
other hand, algorithms that maintain signals as quite a constant value will result in a continuous supply
of energy, so it can also be seen that its energy use is relatively less inefficient than the FIS controller.
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5. Conclusions

This study tested three different controllers that reached the indoor set-point temperature quickly
by controlling the amount of heating supply air and its temperature. At the same time, it investigated
an adaptive model of reducing energy use within setting range by independently analyzing indoor
thermal comfort or keeping the comfort level within a certain range even if energy use increases.
In the viewpoint of the consistency of maintaining indoor thermal comfort level, the FIS controller
was found to be 1.76% and the ANN to be 17.83%, respectively, more efficient than the conventional
thermostat controller as a reference model. In addition, for the energy use efficiency, both of the FIS
and the ANN controllers were found to be over 3.0% more efficient. Despite this study did not include
all of variables in actual thermal systems and comfort models, it was confirmed that there were no
theoretical disadvantages of combining energy supply and thermal comfort models to improve each
energy efficiency.

Consequently, a network-based algorithm responding to users’ comfort levels properly worked
to improve both energy efficiency and thermal comfort in simulation-based study. This reduction
and improvement can be important because the energy savings can be significant in places such
as commercial high-rise buildings, hospitals, and data centers where many rooms are intensively
woven. In addition, the effect would be more significant if such indoor thermal conditions were a
place where users’ workability and productivity could be greatly affected by their psychological state.
Thus, in order to improve the validity of this simulation result, a follow-up study with lab-scaled or
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plug-in models need to be designed to investigate the actual performance by heating load and comfort
level reflecting specific conditions by various building spaces and occupant characteristics.

Funding: This work was supported by the National Research Foundation of Korea (NRF) grant funded by the
Korea government (MSIT) (No.2019R1G1A1006984).
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Nomenclature

A area (m2)
Cv specific heat capacity at constant volume (J/kg·K)
Cp specific heat capacity at constant pressure (J/kg·K)
D depth of envelope components (m)
E difference between set-point and room temperature (◦C)
∆E derivative of E
h convection heat transfer coefficient (W/m2

·K)
hin specific enthalpy into room (J/kg)
hout specific enthalpy out from room (J/kg)
IAE Integral of Absolute Error between set-point and room temperature (no unit)
k transmission coefficient (W/m·K)
.

mht mass flow-rate from heater (kg/h)
mroomair mass of air in room (kg)
Qloss heat loss by convection and transmission (J)
Qgain heat gain by convection and transmission (J)
R thermal resistance (m·K/W)
R2 fraction of variance
t time
Tht air temperature into room (◦C)
Tout outdoor temperature
Troom room temperature (◦C)
Tset set-point temperature (◦C)
u internal energy (J)
W work (J)
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