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ABSTRACT

The development of energy consumption prediction model is an integral part of the management and improvement of building
energy efficiency in order to save the energy and to reduce the environmental impact. There are factors that affect energy in
buildings which are heating and cooling. Building materials, ventilation, building direction, and building area are the important
factors to determine building energy efficiency. The study aims to find the role of input variable (independent) on the output
variable (dependent) in the form of Heating Load (HL) and Cooling Load (CL). The study employs Partial Least Square (PLS) analysis
method which is a variant-based Structural Equation Modeling analysis known as SEM-PLS. The result of the study indicates that
the estimation of inner model of the direct influence of Orientation on Cooling Load and Heating Load is not significant. It means
the size of the Orientation value does not significantly affect the increase/decrease in Cooling Load and Heating Load. While the
direct effect of Overall Height, Wall Area, and Surface Area on Cooling Load and Heating Load is significant. It means that the value
of Overall Height, Wall Area, and Surface Area has a significant effect on increasing/decreasing Cooling Load and Heating Load. The
results of this study are expected to be useful to help building designers, especially related to energy efficiency in the buildings. In
addition, the development of this model can be used as an alternative in determining the factors that affect comfort in a building
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1. Introduction

There have been many studies related to the energy-efficient buildings. All energy-efficient
building models developed have the same goal, which is to be able to predict future energy needs
and save building energy. Buildings are responsible for 40% of total global energy consumption [1]
and and 33% of global greenhouse gas emissions [2]. Moreover, the annual energy demand of
buildings is expected to increase by an average of 1.5% between 2012 and 2040 resulting in a total
increase of 48% over that time period[3]. If no action is taken to improve the energy efficiency of
buildings, energy demand is expected to increase by 50% by 2050 [4]. The basic principle of building
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energy efficiency is to use less energy for operations including heating, cooling, lighting and other
appliances, without affecting the health and comfort of its occupants [5]. Meanwhile, Kreith in his
book Handbook of Energy Efficiency and Renewable Energy[6] also states that the use of energy from
buildings is dominated by climate influences because the heat obtained from direct conduction from
heat sources or air infiltration/exfiltration through the building surface reaches 50-80 % of energy
consumed.

Heating, ventilation, and air conditioning have important roles in determining indoor climate
and play an important role in most of the energy use in buildings [7]. Energy consumption is used to
indicate the amount of energy that must supply the building at any given time. Prediction of building
energy consumption then plays an important role in energy management, therefore the designers
are expected to be wiser in designing new buildings[8]. The characteristics of a building are an
important factor to determine the necessities of heating and cooling loads [9].

Building orientation and layout prove to be very important in reducing building energy
consumption in cold and hot climates. The design is limited by the specific characteristics of the
planned building, the size, shape, and orientation of the building plot. Meanwhile, the calculation of
heating load (HL) and cooling load (CL) in terms of building design efficiency is needed to determine
the specifications of heating and cooling equipment needed to maintain comfortable indoor air
conditions. This shows that the influence of CL and HL greatly affects the energy requirements of the
building [10]. Architects and building designers need information about the building, the space
required, the climate, and its uses for cooling and heating. Energy-efficient buildings with special
designs such as orientation, insulation, and windows can be well adapted to withstand adverse
weather conditions [11].

The description above shows that there are many variables that affect the comfort in the building
that affect the energy consumption needed in the building. For this reason, it is necessary to conduct
research that reveals the variables that affect the heating load and cooling load in a building.
Although several techniques have been applied to solve the problem of CL and HL performance as an
estimate of energy consumption, but specifically the variables that affect the performance of Cl and
HL with the PLS approach are needed as an alternative model. Therefore, this study focuses on the
application in determining the effect of input variables on output. This research was started from
previous research [7] who designed a group of buildings with the aim of predicting heating and
cooling loads on buildings by taking into account the variables: relative density, surface area, wall
area, roof area, overall height, orientation, glazing area, and glass distribution area. . However, the
existing input variables for each of the existing loads have not been discussed in detail. For this
reason, the purpose of this study was to determine the effect of eight input variables on two output
variables, namely heating load (HL) and cooling load (CL) using Partial Least Square (PLS) analysis
method.

2. Methodology

The study employs regression analysis method. The regression analysis could draw a conclusion
by taking into account the validity factor in which the study uses Partial Least Square (PLS) approach.
The Partial Least Square is a powerful analytical method because it can be applied to all data scales,
does not require many assumptions, and the sample size does not have to be large. Besides being
able to be used as a confirmation of theory, PLS can also be used to build relationships for which
there is no theoretical basis or to test propositions [12].

After fulfilling one of the measurement models, the data can be estimated. The parameter
estimates obtained using PLS are categorized into three which are weight estimates, path estimates,
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and related to means and parameter locations (regression constant values) for indicators and latent
variables. There are also blocks that separate latent variables and their indicators. The path diagram
in PLS is used to determine the relationship and value between the variables. This analysis is also
used to determine which variables have the most dominant effect on certain latent variables.

In addition to what has been described above, Goodness of Fit analysis is carried out to measure
the influence of several construct variables on certain latent variables. The Goodness of Fit model
was measured using dependent latent variable R-square with the same interpretation as the Q-
square regression predictive relevance for the structural model. This measures how well the
observed values generated by the model and also the parameter estimates are.

2.1 Dataset

The data used in this study is a dataset obtained through UCI Machine Learning. These data were
also used by previous researchers to improve the estimation of energy efficiency performance by
using different algorithms. Extensive simulations in 768 various residential buildings with 8 input
variables and 2 output variables were demonstrated using ICOTECT[7].

Table 1
Mathematical representation of parameters
Representative of Parameters Parameters Name
X1 Relative Compactness
X2 Surface Area
X3 Wall Area
X4 Roof Area
X5 Overall Height
X6 Orientation
X7 Glazing Area
X8 Glazing Area Distribution
Y1 Heating Load
Y2 Cooling Load

Variables Information :
e Relative Compactness
e Surface Area - m?
e Wall Area - m?
e Roof Area - m?
e Overall Height - m
e Orientation - 2:North, 3:East, 4:South, 5:West
e Glazing Area - 0%, 10%, 25%, 40% (of floor area)
e Glazing Area Distribution (Variance) - 1:Uniform, 2:North, 3:East, 4:South, 5:West
e Heating Load - kWh/m?
e Cooling Load - kWh/m?

To facilitate the analysis using the SEM-PLS method, it is necessary to determine the identification
of variables. The variables used consist of exogenous variables (Independent) and endogenous
variables (Dependent). In this case, the categories of exogenous variables are Relative Compactness,
Surface Area, Wall Area, Roof Area, Overall Height, Orientation, Glazing Area, and Glazing Area
Distribution. While the categories of endogenous variables are Heating Load, and Cooling Load.
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2.2 Analysis Stage

The data is analyzed by using Smart PLS software. According to Ghozali [12] PLS is an alternative
approach that shifts from a covariance-based SEM approach to a variance-based approach.
Covariance-based SEM generally tests causality/theory, while PLS is more of a predictive model.
Because PLS does not assume a certain distribution for parameter estimation, then parametric
techniques to test the significance of parameters are not needed [13].

The measurement model or outer model with reflexive indicators is evaluated using convergent
and discriminant validation of the indicators and composite reliability for indicator blocks. While the
outer model with formative indicators is evaluated based on its substantive content, namely by
comparing the relative weight and seeing the significance of the weight size. The structural model
or inner model is evaluated by looking at the R2 value for the latent response construct and also
looking at the magnitude of the structural path coefficient. The stability of this estimate was
evaluated using the t-test statistic obtained from the bootstrapping procedure [12].

Evaluation of the model using R-square (R?) for the dependent construct The R-square value
reflects the predictive power of the overall model [14,15] with an R-square value limit greater than
0.10 or greater than 10 percent (or goodness-fit of the model. Goodness of fit in PLS can be seen
from the value of Q2 The value of Q2 has the same meaning as the coefficient of determination (R-
square / R?) in regression analysis The higher R?, the model can be said to be more fit with the data
The Q-Square value is greater than 0 (zero ) indicates that the model has predictive relevance, while
the Q-Square value is less than 0 (zero) indicating that the model lacks predictive relevance [12]. The
Q2 value uses the following equation as follows :

QZ =1—(1—=Ry1)(1 = Ry2)(1 = Ry3) ... (1= Ryp) (1)
where Ra1, R22 ... Ran is the endogenous variable R-square

To calculate reliability, use composite (construct) reliability with a cut off value of at least 0.7.
However, for exploratory research, moderate reliability of 0.5 — 0.6 is sufficient to justify the results
of the study[16].

3. Results
3.1 Path Analysis Result

The software used in processing the data in this study is smart PLS version 3, all variables (Relative
Compactness, Surface Area, Wall Area, Roof Area, Overall Height, Orientation, Glazing Area, Glazing
Area Distribution, Heating Load, dan Cooling Load) used are formative indicator types (arrow
direction from the construct variable to the latent variable). This is because the indicators of these
constructs are mutually exclusive. The path diagram is illustrated in the following Figure 1.
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Fig. 1. Structural equation path diagram with partial least square approach

Figure 1 above illustrates the path coefficient values between the input variables and the output
variables and the value of R-square (R?) Heating Load = 0.585; R2 Cooling Load = 0.521.

3.2 Model Measurement
The output of the measurement model on the variables of Relative Compactness, Surface Area,

Wall Area, Roof Area, Overall Height, Orientation, Glass Area, Glass Area Distribution, Heating Load,
and Cooling Load each of 1 indicator item, as presented in the following Table 2.

Table 2
Output Model Measurement of variable
Variables Original Sample (O)
Cooling Load -> Cooling Load 1,000
Glazing Area -> Glazing Area_ 1,000
->
g::::lr;)gljﬁgia Distribution -> Glazing Area 1,000
Hearing Load -> Heating Load 1,000
Orientation -> Orientation 1,000
Overall Height -> Overall Height 1,000
Roof Area -> Roof Area 1,000
Surface Area -> Surface Area 1,000
Wall Area -> Wall Area 1,000
Relative Compactness -> Relative Compactness 1,000

Original Sample (O) = loading factor

As can be seen in Table 2, the indicators for Relative Compactness, Surface Area, Wall Area, Roof
Area, Overall Height, Orientation, Glazing Area, Glazing Area Distribution, Heating Load, and Cooling
Load each has value of 1.0. Because it is a formative indicator, all indicators of these variables have
met the criteria with a loading factor coefficient value of >0 7. Therefore all variable items can be
used for further testing.
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3.3 Model Evaluation

Based on data processing with PLS (Figure 1), the resulting coefficient of determination (R-
square) is as shown in Table 3 below.

Tabel 3
Nilai R-Square
Variables R Square
Cooling Load 0,521
Heating Load 0,585

From Table 3 above, it can be seen that the value of Q2 is as follows :
szalue = 1 - (1 - R21)(1 - Rzz)(l - R23) (1 - RZTL)
Q%value =1 - (1-0.521)(1 — 0.585)

Q%value =1 —0.1988 = 0.8012

In this research model, the Q-square value generated in the overall model equation is 80.12%, with
the number of 768 samples. It means that the structural model has very good predictive relevance
and it is suitable for predictions.

3.4 Direct Effect of Exogenous Variable on Endogenous Variable

The direct effect of exogenous variables on endogenous variables can be seen in Table 4 below:

Tabel 4
Direct Effect
Variables Original Sample (O) P Values
Glazing Area Distribution -> Cooling Load 0,034 0,163
Glazing Area Distribution -> Heating Load 0,079 0,001
Glazing Area_ -> Cooling Load 0,063 0,009
Glazing Area_ -> Heating Load 0,034 0,159
Orientation -> Cooling Load -0,036 0,177
Orientation -> Heating Load -0,011 0,648
Overall Height -> Cooling Load -0,694 0,000
Overall Height -> Heating Load -0,715 0,000
Relative Compactness -> Cooling Load -0,063 0,046
Relative Compactness -> Heating Load -0,040 0,185
Roof Area -> Cooling Load 0,051 0,286
Roof Area -> Heating Load 0,159 0,003
Surface Area -> Cooling Load -0,280 0,002
Surface Area -> Heating Load -0,467 0,000
Wall Area -> Cooling Load 0,223 0,035
Wall Area -> Heating Load 0,439 0,000

Original Sample (O)= koefisien path

The estimation results of the inner model for the direct effect of Glazing Area Distribution on
Cooling Load show a path coefficient value of 0.034 with a p-value of 0.163 which is greater than
alpha 0.05 (error level =5%). This shows that the direct effect of Glazing Area Distribution on Cooling
Load is not significant. This means that the size of the Glazing Area Distribution has no significant
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effect on increasing or decreasing (good/bad) Cooling Load. While the estimation results of the inner
model for the direct effect of Glazing Area Distribution on Heating Load show a path coefficient value
of 0.079 with a p-value of 0.001 which is smaller than alpha 0.05 (error level =5%). It shows that the
direct influence of Glazing Area Distribution on Heating Load is significant. The resulting effect is
positive, which means the higher (good) the Glazing Area Distribution, then the higher the Hearing
Load will be. And vice versa, the lower (less good) Glazing Area Distribution, then the Heating Load
will be lower. Based on table 4 to get the results of the estimation of other variables, in the same
way, the influence of the input variable on the output variable will be obtained.

4. Conclusions

Based on the analysis and testing that has been done, from the 8 input variables, it can be
concluded that:

1. The estimation results of the inner model for the direct effect of Orientation on Cooling Load and
Heating Load are insignificant, meaning that the size of the Orientation value does not significantly
affect the increase/decrease in Cooling Load and Heating Load.

2. The estimation results of the inner model for the direct effect of Overall Height, Wall Area, and
Surface Area on Cooling Load, and Heating Load are significant, meaning that the size of the
Overall Height, Wall Area, and Surface Area value has a significant effect on increasing/decreasing
Cooling Load, and Heating Load.
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