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Abstract: The aim of this study was to develop an artificial neural network (ANN) prediction
model for controlling building heating systems. This model was used to calculate the ascent time of
indoor temperature from the setback period (when a building was not occupied) to a target setpoint
temperature (when a building was occupied). The calculated ascent time was applied to determine
the proper moment to start increasing the temperature from the setback temperature to reach the
target temperature at an appropriate time. Three major steps were conducted: (1) model development;
(2) model optimization; and (3) performance evaluation. Two software programs—Matrix Laboratory
(MATLAB) and Transient Systems Simulation (TRNSYS)—were used for model development,
performance tests, and numerical simulation methods. Correlation analysis between input variables
and the output variable of the ANN model revealed that two input variables (current indoor air
temperature and temperature difference from the target setpoint temperature), presented relatively
strong relationships with the ascent time to the target setpoint temperature. These two variables were
used as input neurons. Analyzing the difference between the simulated and predicted values from
the ANN model provided the optimal number of hidden neurons (9), hidden layers (3), moment
(0.9), and learning rate (0.9). At the study’s conclusion, the optimized model proved its prediction
accuracy with acceptable errors.

Keywords: predictive controls; artificial neural network (ANN); setback temperature; ascending
time; heating system

1. Introduction

People are now spending around 90% of their time indoors [1]. Therefore, indoor environmental
quality (IEQ) has become a significant factor for building occupants’ quality of life. Comfort, health,
and productivity are affected by IEQ, and it can significantly affect occupant behavior [2]. Properly
provided IEQ in commercial buildings can reduce absenteeism rates and employee turnover, and
increase productivity. Better IEQ can lead to fewer errors and accidents, and improve product and
service quality [3]. In addition, proper IEQ can reduce health hazards [4–8].

Heating and cooling systems account for 58.1% of total energy use in Korean residential
buildings [9,10]. Residential thermostats allow occupants to control their setpoint timeframes
and temperatures. This allows occupants to manage their personal comfort while reducing
energy consumption.

A variety of building control systems using diverse types of energy have been applied to
create a comfortable indoor environment. For example, heating and cooling systems, which aim
to provide comfortable indoor thermal conditions, primarily account for most of the residential energy
consumption. The amount of heating and cooling energy consumption reaches 58.1% of the total
energy use in Korean residential buildings [9,10].
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For providing comfortable thermal environment in an energy-efficient manner, a variety of
theoretical and practical approaches have been studied and applied. The application of the thermostat
for heating and cooling systems is one practical example that is widespread as a control method.
The thermostat provides a function whereby users can determine their preferable setpoint and
setback temperatures and periods. The application of thermostats is expected to provide two principal
advantages: (1) improved thermal comfort; and (2) reduced energy consumption [2].

Thermal comfort should be improved for two reasons. The first reason is that the indoor thermal
environment can be adjusted to the desired level, and the second reason is that occupants can be
psychologically satisfied with having an opportunity to control their thermal environment. In previous
studies, occupants expressed increased satisfaction when they could use a thermal control device such
as the thermostat to be involved in the thermal control process [11–13].

In addition, using a thermostat that employs the setback temperature can save on the energy
consumed for the thermal conditioning of the space. The setback temperature can be applied for
the day- and nighttime for reducing energy consumption without compromising thermal comfort.
In previously conducted experiments, field tests, and computer simulations, a significant energy
saving effect of up to 30% for heating and 23% for cooling in residential buildings was reported [14–19].
Other types of buildings such as office buildings, hospitals, educational and religious buildings,
etc. also achieved remarkable savings in energy consumption for thermal conditioning through the
application of energy-conscious thermostats [20,21]. The programmable thermostat was an example of
those thermostats, with which occupants could choose normal setpoint and setback temperatures and
periods [22].

Advanced strategies for the optimal programming of setback temperature such as adaptive,
demand response, and virtual thermostats have been introduced to maximize thermal comfort and
increase energy savings [23–26]. In particular, Yang and Kim investigated a method to determine the
optimal start moment of the heating system using an artificial neural network (ANN) model [27,28].
The ANN model was designed to predict the required time for changing the indoor temperature to
the desired temperature. Four input variables were employed as input neurons in the ANN model:
indoor air temperature, varying rate of room air temperature, outdoor air temperature, and varying
rate of outdoor air temperature. Model optimization was conducted for learning rate, momentum,
nodes of hidden layer, and use of bias. The optimized model showed statistically meaningful
prediction accuracy.

Despite the achievements of this research, two issues still need to be addressed. The first is
the selection process for the input variables. In the previous study, the four input variables were
selected as input neurons according to the factor analysis affecting room air temperature. However, no
statistical analysis on the relationship between the input and output variables was conducted. Thus a
simpler model, which excludes input variables having a lesser relationship, could be developed in
further study.

The second issue is the optimization process of the model. The objective of the optimization
was to find the ANN composition and learning method that would give the most accurate prediction
results. For finding the optimized composition and learning method, the parameters to be optimized
were tested independently and sequentially. After one factor (e.g., learning rate) was optimized, the
next factor (e.g., momentum) was tested, to find the optimal value after fixing the first factor as an
optimal value. Thus, an advanced method, such as coupling at least two of the investigated parameters,
needs to be considered to provide an overall optimized model.

This study develops an ANN prediction model that calculates the required time to raise indoor
temperature during the unoccupied setback period to the designated setpoint temperature for the
occupied period (TIMESPT). The predicted value from the ANN model is used in the control algorithm
to compute the optimal end of the setback period.

For example, if the summation of current time of day (TIMECUR) and predicted time (TIMESPT)
during the setback period reaches the start moment of the normal occupied period, then the setback
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period is predetermined to actually end before the occupied period begins. As a result, the indoor
temperature will rise to the comfort level when the occupied period begins. As the prediction model
calculates the optimal moment, it can also reduce the energy that will be consumed for pre-heating
unnecessarily early before the normal period.

There are two principal reasons to choose the ANN theory to predict TIMESPT in this study.
The first is that the ANN model can adopt input variables flexibly. Unlike fuzzy logic (FL) or adaptive
neuro fuzzy inference systems (ANFIS), an ANN model can employ a series of inputs for producing
outputs. The second reason is that ANN models have proven their stable prediction accuracy and
applicability to building thermal controls in the previous studies. These are summarized in Section 2.1.
We therefore selected the ANN model over than other machine learning theories.

Figure 1 shows the three major steps followed in this study. The first step was model development.
The prediction model using ANN was built with initial composition and learning methods. Statistical
analysis of the relationship between the input and output variables was performed to find the input
variables that have a strong relationship with the output variable. Input variables with a strong
relationship were then used as input neurons of the model.
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Figure 1. Development process.

The next step was model optimization. Model parameters such as the number of number of
hidden neurons (NHN), hidden layers (NHL), momentum (MO), and learning rate (LR) were optimized
to calculate the most accurate output. Optimization was performed in a coupled fashion, so that a
series of NHN and NHL were tested together, followed by a series of MO and LR together. The ANN
model employed parameter values for which the model predicted the most accurate output.

The root mean square error (RMSE) between the predicted results (Pi) and the simulated results
(Si) was evaluated for each parameter variation. The Pi values were the predicted results from the
ANN model, and the Si values were the calculated results from the test module using the MATLAB
and TRNSYS software. The values presenting the least RMSE were assigned to the parameters.

The final step was to conduct performance tests on the optimized model. The prediction accuracy
of the ANN model was investigated using new data sets. The applicability of the proposed model was
presented based on this performance evaluation.

Two major contributions are provided in this study: (1) a method for designing the ANN model
and (2) a specific role for the integrated control algorithm. To overcome the limitations of the previous
model, this study conducted two steps (the first and second steps in Figure 1) for finding the meaningful
input variables and composing the optimal ANN model. In addition, the proposed model will
be embedded in the integrated algorithm. This will be introduced in Section 2.3. Flowchart of the
Control Algorithm. Three ANN models will be used to determine comfortable thermal environments
while saving energy. In particular, the model developed in this study will provide a comfortable
thermal environment at the beginning of the normal occupied period minimizing the unnecessary
energy consumption.
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The development process is presented in Section 2 including previous studies on the predictive
controls using ANN in Section 2.1, the flowchart of the control algorithm in Section 2.2, and the
artificial neural network model in Section 2.3. The results of the optimized model are described in
Section 3, followed by conclusions in Section 4.

2. Development of the Prediction Model

2.1. Previous Studies on the Predictive Controls Using Artificial Neural Network (ANN)

McCulloch and Pitts suggested a computational model ANN that artificially employs the human
neural systems and their learning process [29]. Diverse studies have been conducted for developing
ANN models that can predict thermal conditions such as indoor temperature and humidity [30]
as well as outdoor temperature [31]. In addition, ANN models were proposed to forecast load
and energy for building thermal conditioning [32–36]. The values predicted from the ANN model
worked as fundamental determinants for controlling building thermal conditions more comfortably
and energy-efficiently.

ANN models present the potential to provide comfortable and energy-efficient thermal
environments. Moon et al. [2,37] suggested the use of ANN models to control a variety of thermal
targets, such as indoor temperature, humidity, and predicted mean vote (PMV) of a residential
building. The predicted future thermal conditions from the ANN model were useful to maintain a
more comfortable and stable thermal environment. In addition, a variety of heating and cooling systems
were controlled by ANN models, including: the hydronic heating system of solar buildings [38,39],
radiant heating system [40,41], evaporative condenser [42], absorption chiller system [43], ground
coupled heat pump [44–47], integrated control of heating or cooling systems and the opening of double
skin envelope (DSE) buildings [48–52], photovoltaic module efficiency estimation [53], etc. In addition,
the collaborative approach that employed several theories, such as ANN and fuzzy logic, presented
successful results to supply thermal comfort [40,54]. These studies demonstrated the superiority of
ANN methods over conventional mathematical models, such as proportional-integral-derivative
(PID) controllers and regression models. Algorithms employing ANN models accurately predict the
thermal loads and proper control of heating and cooling systems resulting in more comfortable thermal
environments with energy savings.

2.2. The Artificial Neural Network Model (ANN)

The ANN model in this study focused on calculating the time (TIMPSPT) required for the current
indoor temperature during the unoccupied setback period to ascend to the target setpoint temperature
of the occupied period. Figure 2 shows the flow of the ANN model development process. The ANN
model in this study incorporated Transient Systems Simulation (TRNSYS 16.1) software [55] and
Matrix Laboratory (MATLAB) [56] programming software. The test module was modelled using the
TRNSYS software where data sets for ANN model training, optimization, and prediction performance
tests were collected. After completion of the data collection, the ANN model was developed using
MATLAB off-line.
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Figure 3 shows the initial model composition suggested in the first step of development. The initial
input layer used six input neurons: current indoor air temperature (TEMPIN, ◦C), variance of indoor
air temperature from the preceding control cycle (∆TEMPIN, ◦C), current outdoor air temperature
(TEMPOUT, ◦C), variance of outdoor air temperature change from preceding one hour (∆TEMPOUT, ◦C),
temperature difference from the target setpoint temperature (TEMPDIF, ◦C), and the amount of solar
radiation (SOL, kJ/m2h). Each input value was normalized to between 0 and 1. The actual ranges
of each input neuron were 10 . . . 30 (TEMPIN), −10 . . . 10 (∆TEMPIN), −20 . . . 40 (TEMPOUT),
−10 . . . 10 (∆TEMPOUT), 0 . . . 10 ◦C (TEMPDIF), and 0 . . . 5000 kJ/m2h (SOL), respectively.
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Figure 3. The initial ANN model.

Four hidden neurons were used in each of the three hidden layers based on the findings of
a previous study [52], that proposed four hidden neurons and three hidden layers as the optimal
composition to predict the future temperature. The hidden neurons used the tangent-sigmoid transfer
function to transfer calculation results in the neuron. Each hidden layer repeats the identical process.
Lastly, the output layer employs one output neuron TIMESPT, and uses the pure linear transfer function
to produce the final output.

One hundred training data sets were prepared for the training model. Each data set was composed
of six input values (TEMPIN, ∆TEMPIN, TEMPOUT, ∆TEMPOUT, TEMPDIF, and SOL) and one output
value (TIMESPT). The sliding-window method was used to manage the training data sets. Therefore,
when a new data set was acquired, the new set replaced the oldest set. Then training was conducted.
The Levenberg-Marquardt algorithm was used for the model training with a 0.0-min goal, 1000-times
epoch, 0.2-momentum, and 0.6-learning rate, which were found to be the optimal values by a previous
study [57].

Figure 4 shows the test module in which the data sets were acquired and Table 1 summarizes
the detailed features of the module. The location of the test module was assumed to be in Seoul,
South Korea, where winters are cold and dry. Data sets were collected from 1 November to 28 February.
Typical meteorological year (TMY2) data was used as weather data. Four data sets were collected
per day. For example, the setback temperature was applied at 08:00 a.m. After one hour, the normal
setpoint temperature was set at 09:00 a.m. and the six input values were collected at that time. After a
certain period (e.g., 30 min), the indoor temperature will reach the normal setpoint temperature. In this
case, the output value was 30 min, and one set of data was prepared. After data set acquisition, the set
temperature for the heating system is returned to the setback temperature. Then the same process is
repeated three times (at 12:00, 15:00, and 18:00) a day. Therefore, 480 data sets were collected, and one
hundred sets were randomly selected for initial training.
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Table 1. Features of the test building.

Components Features

Location & weather data • Seoul, South Korea (latitude: 37.56◦ N, longitude: 126.98◦ E)
• TMY2 data

Dimensions (width × depth × height) 4.2 m × 3.6 m × 3.05 m

Envelope insulation
(m2·K/W)

Exterior walls 3.72
Roof 6.80
Floor 3.70

Windows 0.71 with 6 mm gray glass + 16 mm argon gas + 6 mm gray glass

Heating system Radiant heating: 12,000 kJ/h heat supply

Window to wall
ratio

East 0.00
West 0.00
South 0.20
North 0.10

Infiltration rate 2.0 ACH

Internal gain
Occupants 2 seated persons performing light work
Lighting 5 W/m2

Equipment 2 computers with a printer

The dimension of the module was 4.2 m (width), 3.6 m (depth), and 3.05 m (height) approximating
the basic and the simplest residential space. The envelope components were assumed to have 3.72, 0.71,
6.80, 3.70 m2·K/W thermal resistance for the wall, windows, roof, and floor, respectively. The thermal
resistances of the envelope were greater than required in Korea (2.78, 0.41, 5.00, and 2.32 m2·K/W
for each envelope component). A radiant heating system that could supply 12,000 kJ/h of heat.
No windows were installed on the east or west walls, and the window-to-wall ratios were 0.20 and
0.10 for the southern and northern walls, respectively. The moderate value for the infiltration rate
was assumed to be 2.0 air changes per hour (ACH), which is a normal value. Two occupants, lighting
fixtures, and equipment were considered for calculating the internal heat gain.

The model development process continued with a statistical analysis to investigate the relationship
between the initial input variables and the output variable. This relationship analysis determined that
the input variables that had a strong relevance (R2) to be used as input neurons. One hundred new
data sets were used for the analysis.

The second step of the ANN model development was the optimization of the model structure
and learning method. The purpose of the optimization was to modify the model to calculate the
output more accurately. The structure and the learning method affect the prediction performance and
therefore need to be adjusted to produce accurate and stable output [27]. The ANN model structure is
determined with a series of input, hidden, and output layers and neurons. The number of input and
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output layers and neurons were fixed in this study. The optimization factors for this study were the
number of hidden neurons (NHN) and hidden layers (NHL).

Learning Rate (LR) and Momentum (MO) are the principal two factors for the ANN model
learning method. The LR controls the impact degree of the new data set on the weight changes
between neurons when the iterative training is conducted. The LR is related to the degree of adaptation
to the new data set as well as the stability of the prediction results. MO considers the trend of the
weight changes on the previous training process when the current training is conducted. Proper MO
prevents the model from falling into local minima. Since the LR and MO significantly affect the
prediction results, these two factors were optimized in this study.

Table 2 summarizes the tested values of each parameter. A coupled fashion was employed for the
parametrical optimization. That is, a series of NHN and NHL were tested in combination with each
other, then a series of MO and LR were tested in combination. During the optimization process of the
first two parameters (i.e., NHN and NHL), the other two parameters (i.e., MO and LR) were fixed as
the initial values (0.2 for momentum and 0.6 for learning rate, as suggested in the previous study [54]).
Once the optimal values for the first two parameters (NHN and NHL) were found, then the tests for
the last two parameters were conducted. During the tests for the last two parameters, the values of the
first two parameters were fixed as optimal values found in the previous process. Another 100 data sets
were newly collected for the optimization using the identical method to collect data sets for the initial
model training and relationship analysis.

Table 2. Parametrically tested values of each ANN component.

Components Parametrical Values

1st step of the optimization NHN 1, 2, 3, 4, 5, 6, 7, 8, 9, 10
NHL 1, 2, 3, 4, 5, 6, 7, 8, 9, 10

2nd step of the optimization MO 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0
LR 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0

After optimization, the third development step tested the prediction accuracy of the optimized
ANN model. A further hundred checking data sets were acquired from the identical test module.
The statistical correlation (R2) between Pi and Si was analyzed to investigate the prediction accuracy.

2.3. Flowchart of the Control Algorithm

Multiple ANN models including the one developed in this study will be embedded in the control
algorithm, which we will develop in further studies. Figure 5 shows the conceptual flowchart of the
control algorithm for the heating system. In order to determine the working condition of the heating
system, the algorithm uses the period of the day, TIMECUR, TEMPIN, ∆TEMP, TIMESBT, and TIMESPT

as determinants. Three ANN models are applied to predict ∆TEMP, TIMESBT, TIMESPT, respectively.
Table 3 summarizes their purpose. Two of the ANN models have already been developed, and
previous studies introduced their purpose and performance. Those models are ∆TEMP to determine
the working mode of the heating system, and TIMESBT to determine the optimal start of the setback
period. The last ANN model proposed in this study is applied to determine the optimal end of the
setback period based on the predicted TIMESPT.

Table 3. ANN models applied in the control algorithm.

Type Purpose Note

ANN 1 Predict overshoot or undershoot (∆TEMP) Developed in a previous study [58]
ANN 2 Predict time to the setback temperature (TIMESBT) Developed in a previous study [57]
ANN 3 Predict time to the normal setpoint temperature (TIMESPT) Proposed in this study
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Figure 6 conceptually shows the temperature profile of the day. By providing the predicted
values—∆TEMP, TIMESBT, and TIMESPT, the three ANN models can help to create more comfortable
and stable thermal conditions. In particular, the ANN model (ANN 3) developed in this study predicts
the TIMESPT, and this predicted value is used to predetermine the end of setback. By predetermining
the end of the setback period, the temperature at the beginning moment of the occupied period is closer
to the normal range. For example, if the current indoor temperature is 19.0 ◦C during the unoccupied
setback period and the designated target setpoint temperature is 23.0 ◦C, the TIMESPT is the amount of
minutes needed to raise the current indoor temperature from 19.0 to 23.0 ◦C. If the sum of TIMPSPT

and the current time reaches the beginning moment of the normal setpoint period (i.e., the occupied
period), the algorithm determines the normal setpoint temperature to be employed at that moment
before the actual occupied period begins.
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Figure 7 shows the flow of algorithm operation. As with the ANN model development process,
the algorithm development and operation were conducted using TRNSYS and MATLAB. The building
and system were modelled using the TRNSYS software. The current indoor and outdoor thermal
conditions were collected and transferred to the control algorithm developed using MATLAB. The data
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was used for the iterative training of the ANN model and for predicting TIMESPT. Based on the
TIMESPT, the algorithm decided how to operate the heating system, which would be transferred to the
system in the TRNSYS. This process was repeated in a closed loop. Figure 8 shows the modeling results
in the TRNSYS, while Table 4 summarizes the types and roles used in the TRNSYS modeling result.
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Table 4. Modeling result and TRNSYS types and roles employed.

Types Roles

Type9c • Importing a TMY2 weather file for the site

Type16a • Calculating solar radiation on building surfaces

Type33e • Calculating dew-point temperature of surrounding exterior

Type69b • Calculating sky temperature

Type56a-TRNFlow • Calling building modeling result of TRNBUILD

• Calculating indoor temperature of the test building

Type155
• Calling the algorithm in MATLAB
• Producing training and checking data sets
• Calculating signal for the cooling system operation

Type65d-2 • Producing and displaying the output file

3. Results Analysis

3.1. Selection of Input Neurons

To select the meaningful input neurons for calculating the output neuron, the coefficient
of determination (R2) between TEMPIN, ∆TEMPIN, TEMPOUT, ∆TEMPOUT, TEMPDIF, and SOL
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(input variables) and TIMESPT (output variable) of the initial model were investigated. The results are
summarized in Table 5. The coefficient of determination (R2) was calculated for the diverse cases of
applying different setback temperatures from 16.5 (setback operating range: 15.0 to 18.0 ◦C) to 20.5 ◦C
(setback operating range: 19.0 to 22.0 ◦C).

Table 5. Statistical correlation (R2) between input and output variables of the ANN model.

Setback Temperature TEMPIN ∆TEMPIN TEMPOUT ∆TEMPOUT TEMPDIF SOLAR

16.5 0.9330 0.0945 0.4768 0.0620 0.9330 0.0659
17.5 0.8318 0.0507 0.3546 0.0817 0.8318 0.1046
18.5 0.8382 0.0706 0.2284 0.1162 0.8382 0.0847
19.5 0.5279 0.2530 0.0045 0.0033 0.5279 0.0040
20.5 0.1435 0.4196 0.0008 0.0060 0.1435 0.0821

The R2 between two inputs (TEMPIN and TEMPDIF) and TIMESPT was relatively strong. As the
lower setback temperature was applied, the correlation results were higher. When the setback
temperature was set to 16.5 ◦C (the normally recommended setback temperature), the correlation
was 0.9330. When the setback temperature was 20.5 ◦C, it decreased to 0.1435 because the setback
temperature was not significantly different from the 21.5 ◦C setpoint temperature.

Meanwhile, the R2 between other input variables and output variable were unstable and less
significant. They ranged from 0.0008 to 0.4768. The input variables with higher R2 were determined
as final input neurons of the initial ANN model. Therefore, the new model had two input neurons:
TEMPIN and TEMPDIF.

3.2. Model Optimization

Table 6 summarizes the root mean square error (RMSE) results between the Pi and Si for the
different combinations of NHN and NHL. The RMSE for a different number of hidden neurons (1 to 10)
and hidden layers (1 to 10) presented a wide range of difference. The RMSE for all test cases ranged
from 0.74740 min to 1688.48783 min. The case presenting the least RMSE was the model employing
3 NHN and 9 NHL. Therefore, the optimal composition regarding NHN and NHL was determined to
be 3 and 9, respectively.

Table 6. RMSE between the simulated and predicted values for various NHN and NHL.

NHN

1 2 3 4 5 6 7 8 9 10

NHL

1 0.9908 2.2508 0.8708 0.8906 0.7876 411.4124 1667.3525 1688.4878 369.0404 390.1868
2 1.0057 2.1664 1.6023 2.1504 5.5277 1.8164 17.8210 14.1733 6.3433 6.0548
3 0.7476 0.8494 1.7313 4.5223 6.9102 3.2818 5.6517 1.9963 5.4272 2.3711
4 0.7533 0.7475 2.6425 6.9115 1.4996 1.5233 2.8315 2.1139 1.5545 1.9412
5 0.7476 6.7753 1.3164 0.7474 2.0560 1.1627 2.7472 2.0695 1.2443 0.9671
6 0.7476 0.7533 3.3833 1.6075 1.8473 1.2653 1.8547 1.0211 1.0877 1.3138
7 0.7533 4.8343 1.8222 2.1438 2.0031 1.0440 1.0838 1.0505 0.9834 0.8582
8 0.7533 2.6292 0.7533 1.1415 1.2874 1.1312 1.7813 1.0001 0.8808 0.9931
9 0.7533 0.7475 0.7474 0.7533 1.4850 1.5028 1.0399 1.5618 0.9067 1.8986

10 0.7533 0.7475 0.9176 1.4497 1.0873 1.3791 1.1780 1.0083 0.8094 0.9838

Table 7 summarizes the RMSE results for the different MO (0.1 to 1.0) and LR (0.1 to 1.0). The values
for NHN and NHL were fixed as 3 and 9, as found in the previous step. The least RMSE was presented
by a model with 0.9 MO and 0.9 LR. For this case, the RMSE was 0.74739 min. Thus, the optimized
ANN model employed these values for momentum and learning rate.

Figure 9 shows the ANN model after correlational analysis for the input selection, as
well as optimization for the composition and learning method. The final model had two input
neurons—TEMPIN and TEMPDIF; 3 NHN; 9 NHL; 0.9 MO; and 0.9 LR.
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Table 7. RMSE between the simulated and predicted values for various numbers of MO and LR.

MO

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

LR

0.1 0.9809 0.8242 1.7961 1.4502 0.9985 0.7533 1.1771 1.5723 1.2746 1.2490
0.2 0.7474 0.9572 1.8231 0.8073 1.6544 1.5590 0.7533 2.6946 0.7533 2.2565
0.3 0.7533 1.4030 1.7982 0.7533 1.0909 1.5723 1.2746 1.2490 0.7474 0.9572
0.4 1.8231 0.8073 1.6544 1.5590 0.7533 2.6946 0.7533 2.2565 0.7533 1.4030
0.5 1.7982 1.3875 0.7533 1.4586 1.1192 0.7475 1.6204 1.3738 1.1081 1.2201
0.6 0.7533 2.3198 1.9942 1.1889 0.7533 1.0230 2.0540 1.6884 0.7533 2.0263
0.7 3.6128 1.1414 2.1606 1.9982 1.0870 1.1360 1.4460 1.6798 1.4096 1.6103
0.8 1.3603 1.5333 5.4342 1.0667 1.9131 2.4616 1.4424 0.8519 5.9723 1.0491
0.9 1.4500 2.1613 0.8646 1.9460 1.1701 1.6084 3.2015 2.2299 0.7474 0.7474
1.0 0.7533 2.1820 1.0892 1.4702 0.9278 3.1597 0.7533 0.7533 0.9766 1.9512
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3.3. Prediction Accuracy

To investigate the accuracy of the prediction results from the optimized ANN model, Pi and Si for
the new 100 checking data sets were compared. Figure 10 shows that the results of Pi and Si display
a similar pattern. The average difference between them was 0.45 min, which ranged from 0.0 min
to 3.9 min. In addition, Figure 11 summarizes the distribution of difference. For 87 of the cases, the
difference between Pi and Si was less than 1.0 min. Nine cases were between 1 and 2 min, and four
cases were over 2 min.

Figure 12 presents the correlation (R2) between Pi and Si. The Pi and Si show similarity with
0.7697 R2. The time required to raise the indoor temperature to the normal setpoint temperature was
not as big as expected. The longest period was 7 min in the simulation in Figure 10. Therefore, a
small difference between the simulated and predicted values could cause a significant decrease in R2.
When the model is applied to the actual building where longer time is required to raise the temperature
to the normal setpoint temperature, R2 is expected to increase. In addition, the CVRMSE (coefficient
of variation root mean squared error) between Pi and Si was calculated as 22.74%. According to the
ASHRAE Guideline14-Measurement of energy and demand savings [59], the prediction model can
prove its prediction accuracy with a CVRMSE value under 30%. Thus, the ANN model in this study
proved its prediction accuracy.
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The analysis results about the prediction accuracy and correlation between Pi and Si implies
that the ANN model can properly predict the ascending time for the pre-determined operation of
the heating system during the unoccupied period. Based on the findings, the model presented its
potential to be applied in the control algorithm for suggesting the optimal ending moment of the
setback temperature for the heating system.
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4. Conclusions

In order to develop an ANN prediction model for calculating the time (TIMESPT) required to
raise indoor temperature during the unoccupied setback period to the designated target setpoint
temperature, three major steps were completed in this study: (1) model development; (2) model
optimization; and (3) performance evaluation. Our findings are summarized as follows:

(1) The correlation analysis (R2) between input variables and output variable (1st step) revealed that
TEMPIN and TEMPDIF (input variables) presented relatively strong relationships with TIMPSPT

(output variable). Therefore, these two variables were selected as input neurons for the initial
ANN model.

(2) Using RMSE to analyze the difference between the simulated outputs (Si) and predicted outputs
(Pi) from the ANN model for different ANN parameter values (2nd step) revealed that the least
RMSE was produced when applying nine hidden neurons in each hidden layer, three hidden
layers, a 0.9 momentum, and a 0.9 learning rate to the ANN model. Therefore, the ANN model
was optimized with these final values.

(3) From the performance tests, the proposed ANN model proved its prediction accuracy.
The CVRMSE between the simulated outputs and predicted outputs (22.74%) was lower than the
generally accepted level (30.0%). In addition, the difference between them for most of the cases
was less than 1 min.

In conclusion, based on the previous study [27,28], the more progressive methodology was
applied for composing and optimizing the ANN model in this study. First, the meaningful input
variables were selected based on their statistical relationship analysis. Then structure and learning
methods for the model were optimized in a coupled fashion. The model developed using the new
method showed an acceptable prediction accuracy, therefore it was applied to the control algorithm.

The control algorithm employed multiple ANN models. As summarized in Table 1, each model
had its prediction target. Using the predicted values from three ANN models, the heating system will
start and stop the setback period more accurately as well as create more comfortable and stable indoor
temperature conditions.

Overall, we used limited boundary conditions for the performance tests in this study. To ensure
that the potential results can be achieved, these performance tests should be conducted in an actual
building. Along with the field tests, additional performance tests should be conducted. To provide
a solid basis for the proposed method, using other types of simulation methods should also be
undertaken. Using MATLAB and EnergyPlus software, and incorporating it with Building Controls
Virtual Test Bed (BVCTB) for connecting the two, is proposed as the good method to test the predictive
control strategies [60,61].

In addition, the proposed ANN model performance needs to be comparatively investigated by
using diverse optimization schemes such as the constructal theory or entropy generation minimization
methods. Also, other machine learning methods such as support vector machine (SVM), random
neural network (RNN), and model predictive controller (MPC), should be compared to the proposed
model. Those methods were stated to predict the indoor temperature conditions more accurately and
to maintain indoor temperature more stably in a couple of studies [62,63]. Through these comparative
tests, the most applicable method will be found. Finally, the control algorithm, as previously shown in
Figure 2, needs to be organized to employ the proposed prediction model and tested for its performance
in further studies.

Acknowledgments: This research was supported by the Basic Science Research Program through the National
Research Foundation of Korea (NRF) funded by the Ministry of Education, Science and Technology (grant number:
2015R1A1A1A05001142).

Author Contributions: All authors participated in the preparation, research design, method and analysis of this
project. All authors discussed and finalized the analysis results to prepare this manuscript.

Conflicts of Interest: The authors declare no conflict of interest.



Energies 2016, 9, 1090 14 of 16

Nomenclature

TEMPIN current indoor air temperature, ◦C
∆TEMPIN variance of indoor air temperature from the preceding control cycle, ◦C
TEMPOUT current outdoor air temperature, ◦C
∆TEMPOUT variance of outdoor air temperature from preceding one hour, ◦C
TEMPDIF temperature difference from the target setpoint temperature, ◦C
SOL the amount of solar radiation, kJ/m2h

∆TEMP overshoot or undershoot of indoor air temperature after changing the working mode of the
heating system

TIMECUR current time of day

TIMPSPT
ascending time of indoor temperature by heating operation during the setback period to
the designated setpoint temperature, minutes

TIMESBT
required time for descending indoor temperature during the normal period to the
designated setback temperature, minutes

NHN number of hidden neurons
NHL number of hidden layers
MO momentum
LR learning rate
Pi ANN predicted value
Si numerically simulated value
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53. Ceylan, İ.; Gedik, E.; Erkaymaz, O.; Gürel, A.E. The artificial neural network model to estimate the
photovoltaic module efficiency for all regions of the Turkey. Energy Build. 2014, 84, 258–267. [CrossRef]

54. Collotta, M.; Messineo, A.; Nicolosi, G.; Pau, G. A dynamic fuzzy controller to meet thermal comfort by
using neural network forecasted parameters as the input. Energies 2014, 7, 4727–4756. [CrossRef]

55. University of Wisconsin. TRNSYS16.1. Available online: http://www.sel.me.wisc.edu/trnsys/ (accessed on
13 October 2015).

56. MathWorks. MATLAB 14, Volume 26. Available online: http://www.mathworks.com; (accessed on
15 October 2015).

57. Moon, J.W.; Kim, K.; Min, H. ANN-based prediction and optimization of cooling system in hotel rooms.
Energies 2015, 8, 10775–10795. [CrossRef]

58. Moon, J.W.; Jung, S.K. Algorithm for optimal application of the setback moment in the heating season using
an Artificial Neural Network model. Energy Build. 2016, 127, 859–869. [CrossRef]

59. American Society of Heating, Refrigerating, and Air-Conditioning Engineers, Inc. ASHRAE Guideline14-
Measurement of Energy and Demand Savings; ASHRAE: Atlanta, GA, USA, 2002.
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