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Abstract: Predicting building energy consumption needs to be anticipated to save building energy
and effectively control the predictions. This study depicted the target building as a physical model
to improve the learning performance in a data-scarce environment and proposed a model that uses
simulation results as the input for a data-driven model. Case studies were conducted with different
quantities of data. The proposed hybrid method proposed in this study showed a higher prediction
accuracy showing a cvRMSE of 22.8% and an MAE of 6.1% than using the conventional data-driven
method and satisfying the tolerance criteria of ASHRAE Guideline 14 in all the test cases.

Keywords: heat pump energy consumption prediction; physical modeling; data-driven model;
data scarcity

1. Introduction

The global introduction of cooling and heating devices for indoor comfort has in-
creased by 8% over the last decade. The electrical energy consumption of buildings has also
increased every year and accounts for a third of total building energy consumption [1,2].
In South Korea, about 40% of all electrical energy consumption is used in buildings, and
mostly for cooling and heating [3]. Many studies have been conducted to reduce the energy
used for cooling and heating buildings and have proposed energy-saving methods such as
retrofitting building components and controlling building facilities based on predictions of
the building’s energy consumption [4-8]. According to previous studies, the prediction
accuracy of a building’s energy consumption is highly correlated with the effect of reducing
the building’s energy consumption: in order to reduce the energy consumption, a predic-
tion is required first. Conventional building energy prediction methods are classified as
using a physics-based model, a data-driven model with accumulated historical data, and a
model that combines the two methods [9].

The physics-based model calculates the energy consumption for cooling and heating
buildings according to energy balance. This model generally uses commercial building en-
ergy performance analysis tools such as TRNSYS [10], EnergyPlus, DOE-2 [11], Dymola [12],
and IDA-ICE [13]. The physics-based model has disadvantages, such as requiring many
input variables and parameters, having a complex and time-consuming setup, requiring all
physical phenomena in buildings, and reflecting sporadic errors, resulting in differences
with the actual consumption. However, detailed physical modeling with numerous data
on buildings has the advantage that it can analyze various aspects of the building energy
from design to control.

The data-driven model predicts the cooling and heating energy consumption of the
target building by statistically analyzing the correlation between the historical cooling
and heating energy consumption data and the factors influencing the cooling and heating
energy consumption of the target building. This does not require a physical model of the
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target building but requires a large amount of past data and complex data preprocessing.
Moreover, effort is required to select a model suitable for the data characteristics among
various data-driven models [7,14].

The method using the data-driven and physics-based approaches together, which is
called a hybrid model, can obtain accurate predictions with a relatively small quantity of
data and input factors. However, this method has the disadvantage of prior processes
required to generate physics-based and data-driven models [15].

Many recent studies have predicted the energy consumption of target buildings by
applying a hybrid model. Dong et al. [16] constructed a hybrid model by predicting
internal heat gain (an uncertain input factor from past data) from five data-driven models
and then using it as an input value for a physics-based model. The prediction results of
each hybrid model were compared with the prediction results of the data-driven model
alone. Amasyali et al. [17] predicted weather factors using a physical model created using
EnergyPlus and predicted the behavior patterns of occupants using various machine
learning approaches. They then predicted the energy consumption of the target building by
combining the two approaches. Xu et al. [18] calculated the predicted energy consumption
of a target building by using EnergyPlus with a detailed parameter calibration process.
As occupant social behaviors at the inter-building level affected the prediction results, an
affiliation network was used to predict EnergyPlus-based energy consumption at the inter-
building level. In this work, the past data were mainly used for calibrating the EnergyPlus
and affiliation network models.

Predictions using a hybrid model in previous studies commonly showed better results
compared to results predicted using only a physics-based model. However, when the
data required to build a data-driven model and the information on the target building is
sufficient, excellent prediction results can be obtained without using a hybrid model.

Li et al. [19] attempted to overcome the data scarcity problem by conducting transfer
learning on buildings lacking data by using data from multiple buildings with sufficient
information about the target building. Learning from the rich historical data of similar
building groups should come first, in all cases.

To overcome data scarcity, this study proposes a novel hybrid model that uses the
simulated results of the target building as an input for the deep learning model, as shown
in Figure 1. A data-driven model was constructed using a small number of input variables
that highly correlate with the target value using simulation results. The simulation results
were created by a physics model that considered the vast amount of building information
and input variables. Therefore, successful model training can be performed even with a
small amount of data.

Physics based model
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Figure 1. Proposed hybrid model with a physics-based model.
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2. Description of Target Building

The information on the target building, a public business facility, is shown in Table 1,
and the picture of the target building is given in Figure 2. The only known information about
the target building was the design drawings. Other details such as occupant information
and the control algorithm for the cooling and heating system installed in the building were
not known. The building energy consumption data for less than one year was insufficient;
hence, there was a limit to predicting the energy consumption of the building using only a
physical or data-driven model. Consequently, the energy consumption of the building was
predicted using a hybrid model.

Table 1. Target building information.

Type Office
Construction year 2020
Building footprint (m?) 413.35
Gross floor area (m?) 840.98
Building-to-cover ratio 10.33
Floor area ratio 17.18
Height (m) 15
Structure Reinforced concrete structure
Floor area (m?) 234.34
H Height (m) 42
Floor area (m?) 285.81
Area and height i Height (m) 3.85
of each floor Floor area (m?) 166.90
k3 Height (m) 35
Roof space Floor area (m?) 23.76
Height (m) 3.45

Figure 2. Target building.

The U-value and solar heat gain coefficient (SHGC) information on the walls and
windows of the target building from the construction drawings are shown in Table 2.
Furthermore, the specifications and installation information on the heat pump from the
design and electrical drawings of the cooling and heating equipment are shown in Table 3.
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Table 2. Building envelope properties.

U-Value (W/m?2K)

Solar Heat Gain Coefficient (-)

External wall 0.2733 -
Internal wall 0.2854 -
Ceiling 0.2511 -
Floor 0.2520 -
Windows, curtain wall 1.1000 0.620
Windows at office 0.9000 0.460
Glass doors 1.2600 0.212
Table 3. Heat pump specification.
: : Conditioning Area and Number of Units
Type Co?llng Cooling COP He?tmiw Heating COP &
Capacity (kW) Capacity (kW) Floor Conditioning Area (m?) Units
Wall-mounted F1 - -
type 2 146.94 4
3.2 5.37 3.6 2.82
E3 52.53 2
000
Total 199.47 6
Multi type Fl 55.11 2
F2 123.27 4
6 5.7 7.2 3.1
F3 - -
Total 178.38 6
High-capacity F1 - -
type P _ ~
== 11 5 13.2 3 = 5468 1
Total 54.68 1

COP: Coefficient of performance.

A building energy management system (BEMS) was introduced in the target building,
which collected the heat pump energy consumption data. The collected heat pump elec-
tricity usage data are displayed in Figure 3. After being installed in December 2020, the
BEMS underwent a commissioning phase for one month. This study used a total of 5639
heat pump hourly energy consumption measurements from 1 January to 23 August 2021,
after the commissioning phase.
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Figure 3. Heat pump energy consumption data collected from building energy management system.
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3. Proposed Hybrid Model
3.1. Development of Physical Model of Target Building

The building was modeled using IDA-ICE 4.8 SP2 (EQUA Simulation AB). IDA-ICE is
a dynamic building simulation software for the analysis of indoor climate as well as energy
consumption. In this study, a physical model of the target building was constructed by
using the IDA-ICE built-in tools, and input variables are selected as follows. Tables 1 and 2
were used for the building shape information, U-values of walls and windows, and SHGC.
The capacity and COP input values of the heat pump system were set as in Table 3. The
meteorological data consisted of the ambient temperature, relative humidity, cloudiness,
wind speed and direction, and total horizontal solar radiation of the target area from 1
January to 23 August 2021, provided by the Korea Meteorological Administration [20].
However, the data provided did not include horizontal solar radiation data; therefore, data
measured at nearby observatories were directly separated by the decomposition model
proposed by Kasten and Czeplak [21,22] and used as input values.

The assumed occupant schedule followed the ISO office building standard schedule
(13790) [23], with the indoor heat gains per unit area and the operation schedule set as the
input values as listed in Table 4. The indoor temperature was set to 20 °C for heating and
30 °C for cooling, considering that the target building was located in a mountainous area.
Furthermore, the opening and closing of windows was controlled according to the room
temperature. Reference values were used for the schedule and set temperatures, which
could not be verified by field data. Although the target building might have a specific
usage pattern different from the assumed settings, automatic fitting was expected to be
possible through a data-driven model.

Table 4. Internal heat gains according to occupant schedules.

Conditioned Unconditioned
Days Time Zone Zone
(W/m?) (W/m?)
07:00-17:00 20 8
Weekdays 17:00-23:00 2 1
23:00-07:00 2 1
07:00-17:00 2 1
Weekend 17:00-23:00 2 1
23:00-07:00 2 1

3.2. Reference Data-Driven Model

This section describes a reference data-driven model to evaluate the performance of
the proposed hybrid model in this study. A total of 5639 weather data observed from
1 January to 23 August 2021, and heat pump usage data collected from the BEMS during
the same period were used as the input data for the model. Each input data had different
units, dimensions, and scales; therefore, if the input data were used in the data-driven
model without preprocessing, the model result would be biased towards the larger values
among the input data, or the model loss could increase and divergence might occur. To
minimize these problems, the input data were normalized using the following formula and
preprocessed to have values of the same distribution between 0 and 1.

x — min(x)
max(x) — min(x)

Xstd = (1)

The long short-term memory (LSTM) model, which is well-suited to time series data
prediction, was used as the data-driven model. The LSTM model is an improved model
of the recurrent neural network (RNN) model, which is mainly used for sequential data
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processing. This model solves the problem [24] caused by the loss of past information
stored in the hidden layer, as the size of the input data generated in the conventional RNN
model increases by installing a gate that shares the cell-state between the LSTM layers. The
LSTM model is characterized by higher performance in short-term prediction than that of
other data-driven models [25-27].

As shown in Figure 4, the input and output layers of the data-driven model were
configured using preprocessed data. The input layer of the model was composed of weather
data observed one day before (d — 1) the time of prediction, and heat pump usage and
weather data observed at the time of prediction (d). Moreover, the output layer of the model
was configured so that the model could predict the actual energy consumption of the heat
pump at the time of prediction. The input and output data consisted of data measured in
units of time as a vector with an interval of one day.

Input layer
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Figure 4. Input and output layers of the reference model, where d is the time of prediction.

The training and test data of the data-driven model were set as shown in Figure 5,
and were distributed by dividing the 5639 data from 1 January to 23 August 2021 into
4 cases. Case 1 predicted the heat pump cooling energy consumption from 17 to 23 August
by training the model with data from 1 January to 16 August. Case 2 predicted the heat
pump heating energy consumption from 1 to 7 January by training the model with data
from 8 January to 23 August. Case 3 predicted the heat pump heating energy consumption
from 22 to 28 February by training the model with data from 1 January to 21 February.
Lastly, Case 4 predicted the heat pump cooling energy consumption from 17 to 23 August
by training the model with data from 26 June to 16 August. Cases 3 and 4 only stored the
learning data in the cooling and heating periods.

The LSTM model consisted of a single layer, and the number of epochs was set to
100. The activation function was set as the rectified linear unit (ReLU) [28]. The remaining
hyperparameters were set to values calculated using the hyperband optimization algo-
rithm [29]. This algorithm repeats short trainings to find parameter values with high
performance and gradually increases the training epochs after setting an arbitrary value as
the initial value within the range of the hyperparameter entered as the input value. The
hyperband algorithm was implemented using the Tensorflow Keras tuner. Table 5 shows
the hyperparameter setting range input to the hyperband algorithm, and the results are
presented in Table 6.
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03/01 ~ 08/23 (4056)
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Figure 5. Cases with different training and test data sets.

Table 5. Boundary conditions of hyperband optimization algorithm.

Min Max Step
Number of neurons 16 512 16
Learning rate 1x107° 1x 1073 -
Batch size 16 64 16
Dropout 0 0.5 0.01

Table 6. Selected hyperparameter values by hyperband optimization.

Case 1 Case 2 Case 3 Case 4
N;‘;‘Eg;:f 284 492 325 256
Learning rate 4.1065 x 1074 4.7858 x 1073 9.6969 x 104 8.9327 x 104
Batch size 48 48 32 48
Dropout 0.05 0.05 0 0

3.3. Hybrid Data-Driven Model Using Physical Model Results as Input Parameters

The model proposed in this study was a data-driven model with results of the physical
model simulation and the actual heat pump usage as the input data. The compositions
of the input and output layers of the data-driven model are shown in Figure 6. The basic
model configuration was the same as the data-driven model described in Section 3.2.

The same method was proposed as for the reference data-driven model. In this
method, both the physical model and measurement results are used as input values in
(d — 1). The model then learns the difference between the two results in the LSTM and
predicts the consumption from the physical model result for the next day (d). Differences
in the physical boundary conditions such as weather data are reflected in the simulation
results. Since similar operating patterns generally occur in office buildings, the data-driven
model reflected the difference between the set and actual operation schedules to improve
the accuracy. This study verified the model performance by using the weather measured
data of the next day under the assumption that the weather forecast was correct. A recent
research study on weather forecasting has excellent results, and the forecasting is therefore
not expected to have large errors [30].
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Figure 6. Input and output layers of proposed hybrid model.

4. Results

The physical, reference data-driven, and hybrid models proposed in this study were
simulated during the data availability period. Furthermore, the coefficient of variation of
the root mean square error (cvRMSE) and the mean absolute error (MAE) of the model
results and actual heat pump energy consumption data were calculated. The calculation
results were checked against the tolerances of ASHRAE Guideline 14: under 30% for
cvRMSE and under 10% for MAE [31]. The calculation formulas for cvRMSE and MAE are
Equations (2) and (3), respectively. The heating base-load energy consumption was set to
0.183 kWh or less, which was obtained by the electricity consumption most frequently mea-
sured from 1 January to 28 February. Similarly, the cooling base-load energy consumption
was set to 0.058 kWh or less, obtained by data analysis from 26 June to 23 August.

Iyl (E —E ?
T ut=1 meas,t pred,t

1 vT
T Zt:] Emeas,t

cvRMSE =

2

T
thl ’Emeas,t - Epred,t

T
Zt:1 Emeas,t

where T is the total actual period of use of the heat pump excluding the period of base-load
energy consumption, E is the energy consumption, subscript “meas” is the actual value,
and subscript “pred” is the predicted heat pump consumption derived using the model.
Figure 7 shows a comparison of the calculated values using only the physical model
and the measured values. The cvRMSE of the results predicted using the physical model
was 186% and the MAE was 99%, which does not satisfy the tolerances of the ASHRAE
Guideline. Therefore, there is a limit to using the model for the purpose of predicting
the energy consumption of a target building. In particular, a large difference in energy
consumption occurred in the summer, which is presumed to be due to the cooling being
rarely operated due to natural ventilation. In other words, there was a difference in the
schedule set for the physical model. These differences in operating patterns may be fitted
through a hybrid model; however, there is a risk of lowering the model performance when
a result calculated using the physical model is used as an input value for the data-driven
model. Therefore, it is necessary to determine whether a result calculated by the physical
model is an appropriate input value. Guyon and Elisseeff [32] argued that when the
correlation coefficient between the dependent and independent variables is large when
selecting the input data of the data-driven model, it is suitable to use the variables as the
input data. The calculated correlation coefficient p between the physical model results and

MAE =

®)



Sustainability 2022, 14, 9464

9 of 14

the measured data using Equation (4) was 0.63, suggesting that it is suitable to use the
physical model results as input data for the data-driven model.

COV(P/ Emeas)

p = ST mens) )

op UEmeas

where “cov” is the covariance between the two results, ¢ is the standard deviation, and P is
the input variable. Epeas is the measured energy consumption of the heat pump, which
was used as the output variable in the data-driven model.

30
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Figure 7. Simulation results of physical model.

Detailed information such as the occupancy schedule and indoor environment of the
target building could not be confirmed. Therefore, the result of using only meteorological
data as input data for the data-driven model showed that the error in the prediction of
heating energy consumption was smaller than that of the prediction of heat pump cooling
energy consumption as seen in Cases 3 and 4 of Reference Al in Table 7. Cases 1 and 2 with
a large number of training data showed higher prediction performance than Cases 3 and 4,
which were predicted for a similar period. However, the cvRMSE and MAE did not satisfy
the tolerance suggested in ASHRAE Guideline 14 in any case except Case 2.

Table 7. Model comparison for prediction accuracy by case.

Reference (A1)

Reference with Feature Selection (A2) Proposed Hybrid Model (A3)

cvRMSE (%) MAE (%) cvRMSE (%) MAE (%) cvRMSE (%) MAE (%)
Case 1 62.2 29.0 41.6 9.9 215 32
Case 2 19.3 3.1 13.2 3.3 17.9 4.0
Case 3 43.9 19.5 354 214 26.1 10.0
Case 4 96.1 20.8 35.1 11.3 25.6 7.1

Case 1: more datasets, summer (17-23 August), Case 2: more datasets, winter (1-7 January), Case 3: fewer datasets,
winter (22-28 February), Case 4: fewer datasets, summer (17-23 August).

The model prediction performance was not considered good due to the low correlation
between the meteorological data elements used as the input variables and the heat pump
energy consumption. Therefore, the correlation coefficient of each input data element with
the heat pump energy consumption was calculated as listed in Table 8. The outdoor air
temperature, relative humidity, wind speed, wind direction, diffuse radiation, and direct
solar radiation showed close correlations with the heat pump energy consumption, from
large to small. The outdoor temperature, which showed the greatest correlation, was
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similar to the correlation coefficient value obtained between the physical model result
and the measured data. Thus, the prediction results were confirmed (center column A2
of Table 7) after a data-driven model was constructed using only the outside temperature
as the input data. The model prediction performance was improved compared to that
of the data-driven model using all weather data as input data. Case 2 showed excellent
prediction performance, satisfying ASHRAE Guideline 14. However, there was a limit
to the practical application of the other cases because their results were too far from the
allowable error range.

Table 8. Correlation coefficient of each input parameter with the output of the data-driven model.

Parameter p (=)
Outdoor temperature 0.63
Relative humidity 0.23
Wind velocity 0.078
Wind direction 0.067
Diffuse irradiance 0.028
Direct normal irradiance 0.012
Cloudiness 0.0064

Lastly, the calculation results of the data-driven model using the physical model results
as the input data (A3 column of Table 7) satisfied the ASHRAE Guideline 14 tolerance
criterion in all cases regardless of the number of training data. Compared with the results
of the data-driven model using only the outside temperature as input data, the hybrid
model results were better in all cases except Case 2, even though the correlation coefficients
between the input and output variables were similar. Here, Case 2 has abundant training
data, and its target prediction is on a winter period when a strong correlation is found
between energy consumption and weather parameters. Therefore, all the results were
within an acceptable range regardless of the input variables and methods.

Figure 8 shows the results according to the data size of the model used for training.
MAE_tol and cvRMSE _tol refer to the MAE and cvRMSE tolerance criteria suggested in the
ASHRAE Guideline 14, respectively. As in Cases 1 and 2, the more data used for learning,
the smaller the input value, and the fewer the errors. Importantly, for the same correlation,
the physical model showed the smallest error in general because it directly depicts the
change in energy consumption according to the weather change. Finally, Figure 9 shows
the predicted hourly energy consumption by cases and models. All the models follow
the dynamics of the energy consumption measured at the site. As discussed above, the
proposed hybrid model shows superior performance particularly for cases of data scarcity.

In particular, the prediction performance initially shown with the physical model could
be dramatically improved by using the hybrid model for the summer period (compare
Figure 7) when a large error is found for the physical model. Figure 10 shows the accuracy
improvement when the proposed hybrid model predicts the summer energy consumption.
Here, it is worthwhile noting that the proposed model has input vectors obtained from the
physical model. The physical model responds to the weather changes under its thermal
characteristics while the data-driven part of the proposed hybrid model may compensate
for the error between physical model results and measured values by adjusting weight
factors to reduce the uncertainty of the energy consumption pattern of occupants, heat
pump operation schedules, set point temperatures, and so on.
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5. Conclusions

In this study, we predicted a building’s energy consumption by using the results of
a physical model as the input data for a data-driven model where there was insufficient
information about the target building or historical building energy consumption data.
Furthermore, the model’s results were compared with the predicted results using the
physics-based and data-driven models alone.

The cvRMSE and MAE of the results were 186% and 99%, respectively, calculated
from the physical model and heat pump energy consumption of the target building. Thus,
there was a limit to expressing the energy consumption of the target building using only
the physical model. However, the correlation coefficient between the results calculated
from the physical model and the heat pump consumption of the target building was 0.63,
indicating a linear relationship. Therefore, it was considered appropriate to use the physical
model results as the input data of the data-driven model.

The prediction results for the building’s energy consumption estimated by constructing
a data-driven model using meteorological data as input data were not appropriate. The
prediction performance was assumed to decrease due to the low correlation coefficient
between the input variables and the measured heat pump energy consumption. Therefore,
feature selection was performed by analyzing the correlation between the meteorological
data elements used as input data and the building’s energy consumption.

As a result of the feature selection, the correlation coefficient between the outdoor
temperature and the measured heat pump energy consumption was 0.63. This was similar
to the correlation coefficient between the physical model results and the measured heat
pump energy consumption. After constructing a data-driven model using only outdoor
temperature as an input value, the model showed better prediction performance.

Finally, when the prediction was performed using the data-driven model with the
physical model results as input data, the results of this proposed hybrid model satisfied the
criteria of ASHRAE Guideline 14, regardless of the number of training data.

To the authors’ knowledge, the data scarcity issue is more important in the engineering
field as data are target object dependent and public data cannot be easily reused. This
preliminary study on physics-based data-driven modeling can be a solution for various
prediction applications.
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Nomenclature

SHGC Solar heat gain coefficient

BEMS Building energy management system

LSTM Long short-term memory networks

RNN Recurrent neural networks

MAE Mean absolute error (%)

cvRMSE  Coefficient of variation of root mean square error (%)
cov Covariance

E Heat pump energy consumption (kWh)

T Total actual period of use of the heat pump (hour)
P Input variable

Subscript

meas Measured value

pred Prediction value

Greek

1Y Correlation coefficient

o Standard deviation
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