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The building envelope considerably influences building energy consumption. To enhance the energy
efficiency of buildings, this paper proposes an approach to predict building energy consumption based
on the design of the building envelope. The design parameters of the building envelope include
the comprehensive heat transfer coefficient and solar radiation absorption coefficient of exterior
walls, comprehensive heat transfer coefficient and solar radiation absorption coefficient of the roof,
comprehensive heat transfer coefficient of outer windows, and window-wall ratio. The approach is
Building energy prediction applied to optimize the design parameters of the building envelope structure of a university teaching
Building envelope building in northern China. First, a building information model of a teaching building is established
BIM in Revit and imported into DesignBuilder energy consumption analysis software. Subsequently, a data
DesignBuilder set of the abovementioned 6 parameters is obtained by performing orthogonal testing and energy
Random forest consumption simulations. On this basis, an RF model is used to predict building energy consumption
and rank the importance of each parameter, and the Pearson function is used to evaluate the
corresponding correlations. The results show that the most important parameters with the highest
correlations to building energy consumption are the comprehensive heat transfer coefficients of the
exterior walls and outer windows and the window-wall ratio. Finally, the RF prediction results are
compared to the prediction results of a BP artificial neural network (BP-ANN) and support vector
machine (SVM). The findings indicate that the RF model exhibits notable advantages in building energy

consumption prediction and is the optimal prediction model among the compared models.
© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction building sector and achieving energy conservation and pollu-
tant emission reduction goals (He, 2019; Belussi et al., 2019).
It is necessary to accurately predict building energy loads to
enhance the operational performance of building energy systems
due to the key role of such predictions in implementing building
energy efficiency measures (Abdelkader, 2020); certain related
tasks include building energy operation system measurement and
verification (Gallagher et al., 2019), system fault diagnosis and de-
tection (Li et al., 2016), demand response control (Pedersen et al.,
2017), and building energy benchmarking (Zhao and Magouleés,
2012).

Before predicting energy consumption, the energy consump-
tion characteristics of a building must be analyzed. A building
and its surrounding environment are a complex system, and
all subsystems of the building affect its energy efficiency. Fur-

As one of three major energy-intensive fields, the building sec-
tor is an essential source of energy consumption and greenhouse
gas emissions in urban areas worldwide (Tian et al., 2020b);
notably, this sector contributes to 40% of the total global pri-
mary energy consumption and one-third of the total amount
of CO,-eq emissions (Liu et al., 2020a; He et al,, 2014). For
instance, in China, approximately 21.1% of energy consumption
and 19.5% of CO,-eq emissions were associated with the build-
ing sector in 2017 (CABEE, 2018). Therefore, minimizing this
energy demand is important for ensuring sustainability in the
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thermore, the interdependence among systems is critical. These
factors increase the complexity of the thermal processes and
interactions in buildings, and it is often challenging to calculate
energy consumption (Ceballos-Fuentealba et al., 2019). To effec-
tively understand the complex interactions that occur in such
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Nomenclature

Abbreviation

RF Random forest

CTF Conduction transfer function

BIM Building information modeling

SVM Support vector machine

BP-ANN Backpropagation artificial neural net-
work

BESTEST Building energy simulation test

IEA International Energy Agency

Nomenclature

OBB Out-of-bag data

E* Generalization error

X Probability P covering the X space

Y Probability P covering the Y space

0 Average correlation coefficient of the
decision tree

S Average strength of the decision tree

N Number of random forest decision trees

ntree Number of regression trees

mtry Number of random features

RMSE Root mean square error

R? Certainty coefficient

j Number of samples

MSE;; Mean square residual of the jth sample

Se Standard error

Cov (X,Y) Covariance of variables X and Y

75% Average value of variable X

Ly Average value of variable Y

ox Deviation of variable X

oy Deviation of variable Y

p Correlation coefficient

Aq Comprehensive heat transfer coefficient
of exterior walls

A, Solar radiation absorption coefficient of
exterior walls

As Comprehensive heat transfer coefficient
of the roof

Ay Solar radiation absorption coefficient of
the roof

As Comprehensive heat transfer coefficient
of outer windows

Ag Window-wall ratio

systems, building designers generally rely on computational mod-
eling and simulation programs to support the analysis of building
energy patterns (Elbeltagi et al,, 2017). A modeling approach is
typically selected based on the characteristics of the modeling
scenario, applied building technology and building envelope (As-
cione et al., 2019). The heat exchange between a building and
the external environment is influenced by the performance of
the building envelope, which therefore affects the building en-
ergy consumption level for general-purpose buildings. More than
50% of energy consumption can be attributed to heat dissipation
through the building shell (Fan and Xia, 2017); thus, increas-
ing the energy efficiency of building envelopes is a priority for
enhancing predictions of building energy consumption (Aslani
et al., 2019). Consequently, several researchers have focused on
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effective building envelope designs/retrofits, and many relevant
strategies have been investigated to reduce the environmental
impacts of buildings. Additionally, the evolution of the design
approach, supported by the availability of new tools (e.g., build-
ing information modeling (BIM)), has contributed to effective
building envelope design and retrofitting (Zhou et al., 2019).

In this paper, we develop a hybrid approach that considers
the actual conditions of buildings based on BIM and apply an ad
hoc tool that incorporates simulation and optimization models
based on DesignBuilder. A random forest (RF)-based approach
is adopted for building energy prediction. Model training and
prediction are performed to validate the feasibility and accuracy
of using the RF approach in estimating building energy consump-
tion. Moreover, a comparative analysis is performed to compare
the prediction performance of RF with that of a BP-ANN model
and an SVM. In addition, this paper provides insight into the sort-
ing of the importance of each building envelope design parameter
used in RF; the result can assist researchers in identifying pivotal
impact variables and gaining a comprehensive understanding of
the energy behavior of a given building.

The remainder of this paper is organized as follows. Section 2
reviews the literature regarding methods to acquire building
energy consumption data and methods to predict the energy con-
sumption of buildings. Section 3 describes the proposed method-
ology used to perform building energy consumption simulation
and data set acquisition with BIM and DesignBuilder; addition-
ally, the application of the RF algorithm to predict building energy
consumption is introduced. Finally, Section 5 discusses the results
obtained from the case study, presents the key conclusions and
highlights several possible directions for future research.

2. Literature review
2.1. Acquisition of building energy consumption data

Building energy consumption data are the basis of the re-
search on building energy consumption. The methods used to
obtain building energy consumption data can be divided into
three categories.

(1) Building load calculations. To calculate the load associated
with building energy consumption, static (Wang et al., 2014) and
dynamic (Wan et al., 2017) calculation methods based on stable
and unstable heat transfer theories, respectively, can be applied.
The static simulation method is a simplified approach that as-
sumes that the internal and external environments of a building
remain unchanged and ignores the effects of building heat stor-
age, leading to a simple and fast calculation process. However,
compared with that of the dynamic calculation method, the accu-
racy of the static simulation method is insufficient. Although the
dynamic simulation method can overcome the shortcomings of
the static simulation method, the dynamic calculation of building
energy consumption is complex and time consuming. With the
development of computer-based numerical simulations, building
load calculation methods are gradually being replaced.

(2) Numerical simulation. In numerical simulations of building
energy consumption, building energy consumption is simulated
through computer simulation technology, and building energy
consumption models are established based on dynamic calcula-
tions of energy consumption. There are many types of building
energy simulation software, and software packages have been
developed and improved for over 30 years. Currently, the most
popular building energy simulation software packages include
DOE-2 (Andolsun et al., 2012), DeST (Zhang et al., 2008), Ener-
gyPlus (Al-janabi et al., 2019a), and DesignBuilder (Anwar et al.,
2020), among others.
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(3) Monitoring and measurement. Building energy consump-
tion monitoring and measurement refers to the use of instru-
ments to measure the energy consumption of a building in a
certain period of time and to identify key parameters that affect
building energy consumption (Chen et al., 2021; Gatt et al., 2020).
In particular, energy consumption monitoring and measurement
is a valuable and authoritative approach to obtain energy con-
sumption data and can guide building energy consumption audits
and energy-saving renovations.

Among the three methods used to obtain building energy
consumption data, the building load calculation method is suit-
able for the early stage of building plan design, as the building
energy consumption is preliminarily predicted before the build-
ing design plan is formed. The numerical simulation approach is
suitable for determining the energy consumption level after the
specific building design plan has been completed. In the context
of predicting the energy consumption for building energy-saving
renovation programs, monitoring and measurement represent
the most accurate techniques that can be used to obtain build-
ing energy consumption data during actual building use. When
examining the energy efficiency of a building, the combination of
numerical simulations and monitoring and measurement results
is the most commonly used approach to obtain building energy
consumption data, and this method is used in this paper.

2.2. Building energy consumption prediction

Based on the methods for collecting energy consumption data
discussed in the previous section, the future energy consump-
tion distribution of buildings can be predicted. Predicting en-
ergy consumption is important for building energy efficiency
evaluation, multienergy scheduling and energy-saving strategy
formulation (Tian et al., 2020c). In the literature pertaining to the
prediction of energy consumption in the construction industry,
two approaches have been widely applied by researchers: statis-
tical methods and empirical learning algorithms (Lei et al., 2021;
Zhang et al., 2020).

Statistical methods are also called gray box models, and large
amounts of energy consumption data are typically needed for
regression analysis. Aranda et al. (2012) developed a power model
based on energy consumption data from 55 banks in Spain and
later performed multiple linear regression for prediction; a com-
parison verified the excellent performance of the model in pre-
dicting energy consumption. Braun et al. (2014) used multiple
regression analysis to investigate a supermarket in northern Eng-
land based on gas and electricity data for 2012 to estimate con-
sumption during the climate period of 2030-2059. Ayoub (2019)
constructed a data set of several influential factors to develop
multivariate linear regression models and found that the sim-
ulation results were in agreement with the actual values, sug-
gesting that building performance can be successfully predicted
in the early stages of design. However, the establishment of
engineering models is often challenging and time consuming for
complex building energy systems. In addition, a recent study
showed that certain methods may be associated with large differ-
ences between the predicted and actual values of building energy
consumption (Ryan and Sanquist, 2012).

With the development of monitoring technologies and the
growing popularity of building automation systems, massive
amounts of construction data have been generated (Pan and
Zhang, 2020). These data provide an opportunity to adopt em-
pirical learning algorithms to achieve building energy prediction.
Park et al. (2018) used artificial neural network models to pre-
dict energy costs by combining historical operational data and
climate data. Liu et al. (2020) presented a public building energy
consumption prediction model based on SVM theory. Lu et al.
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(2020) predicted building energy consumption based on extreme
gradient boosting and considered the daily energy consumption
of the City of Bloomington Intake Tower as the simulation object
to verify the prediction accuracy of the method; compared with
an engineering-based linear regression method, the proposed
method was more practical for building energy prediction be-
cause the required data, such as building energy consumption
data, environmental data and occupancy data, are relatively easy
to obtain.

In this section, the applications of engineering-based linear re-
gression methods and empirical learning algorithms for building
energy prediction are described. Based on the literature review,
it can be concluded that the following issues still need to be
addressed.

e Building energy consumption prediction models based on
statistical methods provide satisfactory generalization abil-
ity and interpretability; however, the prediction accuracy is
inadequate, and the calculations are complicated.

e The use of certain empirical learning algorithms, e.g., ex-
treme gradient boosting and artificial neural networks, may
yield unstable results; notably, a small change in the input
data may result in a significant change in the output data,
thereby affecting the prediction accuracy.

Compared to conventional two-dimensional (2D) drawings,
BIM provides geometrically accurate three-dimensional (3D) rep-
resentations, which provide a realistic and enriched model that
benefits all phases of the building life cycle (Zhang et al., 2016).
For example, Autodesk Revit provides powerful tools for sup-
porting architectural design, architectural services, engineering
design, and structural engineering design. DesignBuilder is a com-
prehensive software based on a built-in database of building
structures, which are used to simulate and analyze building ther-
mal performance, the annual load distribution and other factors
(Etxebarria-Mallea et al., 2021). As a representative multifaceted
learning algorithm, an RF is used to train the base models. An
RF model provides excellent prediction and classification per-
formance because the prediction results are derived from the
comprehensive predictions of multiple decision trees, and no
overfitting occurs with increasing number of trees (Stephan et al.,
2015). Thus, we imported the BIM model into DesignBuilder
energy consumption analysis software. Then, case studies were
explored using the simulation tool to evaluate the current ther-
mal performance of the studied building envelope. The objective
was to effectively increase the accuracy of building energy con-
sumption prediction based on physical models and reduce the
complexity of model construction. Furthermore, the proposed
method can help architects and decision makers in assessing
preliminary building performance by considering environmental
factors and facade configurations without the need to perform
exhaustive analyses.

3. Methodology
3.1. Building energy simulation

3.1.1. Designbuilder

DesignBuilder is a user graphical interface software that was
specially developed for EnergyPlus to enhance the visualization
performance and ease of use of the software (Liu et al, 2019).
The software is divided into five modules: a visual modeling mod-
ule, an EnergyPlus dynamic thermal simulation core, an HVAC
module, a CFD module, and a sunshine environment module.
Through the visual modeling module, a user can not only use the
default modeling functions but also import existing CAD draw-
ings and building information models. In addition, DesignBuilder
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includes many authoritative databases and supports user-defined
databases (Ascione et al., 2020). Various input parameters are
templated to provide a high degree of freedom, enhance the
simulation accuracy and reduce the modeling duration. The sim-
ulation results can be output through various plots and can also
be displayed at monthly or daily scales (Al-janabi et al., 2019b).

Among the numerical simulation methods described in Sec-
tion 2.2, DesignBuilder and EnergyPlus provide the most com-
plete functionalities and yield the best simulation results. Design-
Builder has a graphical interface that shows the general structure
of the building model during the energy consumption analysis.
Thus, DesignBuilder software is used to simulate building energy
consumption in this paper. The energy consumption calculations
are based on the thermal balance method. A method based on
the conduction transfer function (CTF) is used to calculate the
heat transfer of the outer enclosure structure. The CTF is related
to reaction coefficients. The core step in this method is solving
the thermal equilibrium equation for air in a given region. The
temperature variable in the equation is based on the temperature
of the inner surface of the wall rather than the temperature of
indoor air. Therefore, the calculation results are similar to the
actual thermal levels (Solla et al., 2019).

3.1.2. Building energy consumption simulation based on BIM and
designbuilder

Compared to conventional 2D drawings, BIM provides more
realistic and enriched models for all phases of the building life
cycle. In particular, BIM offers a geometrically accurate 3D rep-
resentation and the capability to affiliate attributes and data
to different components and objects inside a model. Since BIM
technology provides visualization, coordination, simulation and
optimization functionalities, various software programs with BIM
technology can be used to realize the automation, intelligent
design and analysis of green buildings (Solla et al., 2019). The
primary objective is to use the relevant BIM information-based
architectural design software to establish a 3D building informa-
tion model based on the relevant physical and geometric informa-
tion for a given construction project. The steps required to apply
the building information model in DesignBuilder software are as
follows (Cheng et al., 2020).

(1) When constructing a building information model in Revit
software with reference to CAD drawings, the building
walls, doors, windows, floors, roofs and other components
are drawn sequentially, and the building material, size,
heat transfer coefficient and other attributes are input.

(2) The rooms are divided on each floor, the room numbers
are marked, and the room heights are set to facilitate the
export of the building model.

(3) After converting the rvt file generated by Revit to gbXML
format, the file is imported into the design builder software
to generate an skh-format model.

(4) By setting the corresponding parameters in the model in
DesignBuilder software, the energy consumption of the
building model can be calculated.

(5) Then, DesignBuilder is used to simulate energy consump-
tion and perform orthogonal tests, and a sample data set is
obtained.

3.2. Overview of the RF algorithm

The foundation of the RF model is classification tree theory.
The greatest advantage of an RF as a predictive model is its high
generalization ability, which can effectively prevent overfitting in
data prediction (Wang et al., 2018). In the process of extracting
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a sample set, the probability of not being selected is (1 — %)N
When N — o0,
n\" 1
1-—) ~-=0.368 (1)
N e
Approximately 36.8% of the samples are retained in the orig-
inal sample set in each extraction step. These retained samples
are known as out-of-bag (OBB) data (Guo et al., 2020), and the
generalization error can be calculated as follows:
E* = Pxy(M(X,Y) < 0) (2)
where X and Y indicate the probability P of covering the X and Y
spaces, respectively. In RF, when the number of decision trees is

sufficiently large (Tian et al., 2020a), E* converges to the following
form as the number of trees increases:

Pxy(Py(h(X,0)=Y)— r};éanye(h(X, 0)=1j)<0) 3)
This formula indicates that the generalization error of the
model does not cause overfitting as the number of decision trees
increases (Kim et al.,, 2020), and the error approaches a finite
upper bound. Thus, the following equation can be established:

o
M @

where p and s denote the average correlation coefficient and
average strength of a decision tree, respectively. The finite upper
bound of the RF generalization error is positively correlated with
a decrease in p and negatively correlated with s; therefore, the
generalization error can be effectively controlled.

E* =

3.3. Establishment of an RF prediction model

The process flow of the building energy consumption predic-
tion model constructed in this paper based on an RF approach
is shown in Fig. 1. First, the initial index system of building
energy consumption and the original data set are established.
Second, the RF model and Pearson algorithm are used to analyze
the importance of each influential factor and the correlations
among the factors. Next, an RF training model is established, and
regression predictions are obtained. Finally, an error analysis of
the predicted results is performed (Cao et al., 2020).

This study examines the influence of the design parameters
on building energy consumption. Based on the simulation results
of building energy consumption, six factors closely related to
building energy consumption are selected as the input indexes
of the prediction model (An et al., 2020; Nasir and Hassan, 2020;
Marino et al., 2017): the comprehensive heat transfer coefficient
and solar radiation absorption coefficient of the exterior walls,
the comprehensive heat transfer coefficient and solar radiation
absorption coefficient of the roof, the comprehensive heat trans-
fer coefficient of the outer windows and the window-wall ratio.
The simulated values of building energy consumption are selected
to establish the evaluation index, and the initial index system
is constructed. Different influential factors in the index system
of building energy consumption are used as variables in the RF
framework, and related experiments are performed to obtain the
original data set.

3.4. Parameter setting and RF modeling

(1) Sample diversity. The training sample set of the RF model
includes approximately two-thirds of the data in the original data
set, and the remaining data, or one-third of the original data set,
constitute the test sample set of the RF model.
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(2) Parameter selection. In the modeling process, two pa-
rameters are mainly involved: the number of regression trees,
ntree, and the number of random features, mtry. The value of
ntree affects the training degree and accuracy of the RF model.
Generally, a large ntree corresponds to high model accuracy. The
value of mtry controls the degree of influence of the RF model
attributes. mtry is generally determined according to empirical
formulas. The number of variables is P, and by default, mtry =
P (classification model) or mtry = P/3 (regression model). After
determining the two parameters, the RF algorithm can be used to
establish a random Sen regression model based on the training
and testing sample sets.

3.5. Importance evaluation and correlation analysis

(1) Importance evaluation. The variable importance score can
be used to evaluate the degree of influence of the characteristic
variables on the dependent variables to determine the key vari-
ables to be controlled. In this paper, the importance of the feature
variables is calculated according to Eq. (5); that is, the OBB error
is used to evaluate the importance of the feature variables. The
reduction in the mean square residual error is measured after the
random replacement and model accuracy calculations. The degree
of decrease is used to evaluate the importance of the feature
variables. The specific calculation steps are as follows.

e A regression decision tree is established for each training
sample set to obtain b mean square residuals: MSE{, MSE; . ..
MSEj,.

e After constructing the regression decision tree to be split,
the characteristic variables are randomly selected. By ran-
domly replacing the variable Xi in b samples of OOB data, a
new OOB test set can be formed. Predictions are repeated to
obtain a new OOB residual mean square MSE;;, and matrix A
is generated as follows:

MSEq MSEq,
Az{ } )
MSEj1 MSE,;
where p is the number of influential factors and b is the
number of training sample sets.

e The mean square residual reduction in the variable Xi can
be obtained by subtracting the corresponding row of MSE;,
MSE, . .. MSE, and matrix B and dividing it by the standard
error. VIM; (MSE) is the importance score of the characteris-
tic variables, which can be expressed as follows:

§ 0 (MSE; — MSE;) )
Sg

VIM; (MSE) = ( ,(1<i<p) (6)

where MSE;; is the mean square residual of the jth sample
and S is the standard error. The RF change factor is adjusted
at various locations to add noise to the model and assess
the resulting accuracy. A high variation in model accuracy
corresponds to the feature variable having a large impact on
the output variable and being important to the model.

(2) Correlation analysis. This paper uses the Pearson correla-
tion coefficient to analyze the linear correlation between each
mix ratio factor and building energy consumption, and the cor-
responding correlations are assessed. The Pearson correlation
coefficient is calculated as the product of the mean difference and
sum of squares of the mean difference between two variables;
therefore, this coefficient is also known as the correlation coef-
ficient of the product difference. The overall Pearson correlation
coefficient can be expressed as:

po VK EX =0 (Y — )
OxO0y

(7)
OxO0y

where Cov (X, Y) is the covariance of variables X and Y, ux and
wny are the average values of variables X and Y, respectively, and
ox and oy are the deviations of variables X and Y, respectively.
The value of the correlation coefficient p lies within the interval
[—1, 1]. A strong linear relationship between two variables cor-
responds to a value of p that is close to 1 or —1. When p > 0
or p < 0, a positive or negative correlation exists between two
variables, respectively. When p = 0, no linear correlation exists
between the two variables, although the variables may be related
in other ways.

3.6. Evaluation of the prediction results

To evaluate the prediction accuracy of the RF model, the root
mean square error (RMSE) and goodness of fit (R?) are selected
as the evaluation parameters. and R? can be used to describe the
deviation and degree of correlation between the predicted and
measured values, respectively. Additionally, the prediction results
obtained using the RF model are compared with those obtained
using the BP-ANN and SVM models to verify the superiority of the
RF model. The expressions of the mean square error and goodness
of fit are shown in Egs. (8) and (9), respectively.

n obs __ ypred
RMSE = \/Zl‘1 v _— ) (8)

RZ i Z?:l (yobs _ypred)2

Y (o -7
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Table 1
Basic settings for the energy consumption simulation.

Energy Reports 7 (2021) 5003-5012

Table 2
Orthogonal design.

Basic applied settings Value Index factor A; W/(m? K) A, W/(m? K) As Ay W/(m? K) As  As
Mean outdoor temperature (°C) 7 1 1.192 0.276 03 0.228 03 0.5
Heating temperature setting (°C) 25 2 1.474 0.35 04 0.293 04 025
Heating energy efficiency ratio 2.5 3 1.96 0.487 05 0.326 05 035
Indoor lighting power (W/m?) 5 4 2.529 0.567 06 0.385 06 045
Teaching equipment power (W/m?) 4.5 5 2.72 0.648 0.7 0.436 0.7 055
Occupant density (People/m?) 0.3 6 3.189 0.755 0.75 0.486 0.75 0.65
Table 3
3.7. Case background Orthogonal test results.
Index A; Ay As Ay As As  Energy
. g . . . L. factor Wj(m? K) W/(m? K W/(m? K consumption
A new teaching building is to be built at a university in fm? 10 Wm0 om0 (kWh) P
northern China. The t.eachmg bu.lldmg is located in Fhe sogthwe;t 1 1192 0276 03 0228 03 015 820471
corner of the university. The main part of the teaching building is 2 3.189 0.567 07 0228 05 065 9282515
expected to adopt a nonshaded reinforced concrete frame struc- 3 1.474 0.276 0.3 0436 0.75 0.25 8453.471
ture with a floor area of 33 350 m?. The building footprint covers
an area of 11573 m?, the total building area is 40 318 m?, and the 52 2529 0.755 07 0326 03 025 8967419
1 tio is 1.217. The teaching building has five floors, the >3 272 0487 03 0486 075 055 8394.225
volume ra L g g : 54 1192 0.755 04 0385 0.3 055 8260.067

layout of each floor is the same, and each floor is divided into four
main areas: a classroom area, a teacher rest area, a bathroom area
and a corridor area. The energy source of the teaching building is
electric power, and a central air conditioning system is used to
adjust the room temperatures. The classroom area and teacher
rest area have the same heating area, and the bathroom area and
corridor area have no heating areas. The heating temperature of
the classroom area and teacher rest area is set as 25 °C, and the
starting temperature for heating is 10 °C (i.e., if the temperature is
less than this value, automatic heating is initiated). According to
the relevant specifications and requirements of the actual project,
several basic applied settings in the model must be determined
before using DesignBuilder for energy consumption simulations,
as summarized in Table 1.

4. Results and discussion

4.1. Building energy consumption simulation and data set acquisi-
tion based on BIM and DesignBuilder

To establish the model of building energy consumption for the
teaching building, first, a building information model of the build-
ing is built in Revit according to CAD drawings. Next, the model
is imported into DesignBuilder for regional division. Finally, the
simulation model of building energy consumption is obtained, as
shown in Fig. 2.

After establishing the building energy consumption model
based on BIM, an orthogonal experimental design was used to
obtain reliable and representative building energy consumption
data.

In orthogonal experimental design, optimal design schemes
are obtained based on probability theory, mathematical statistics
and practical experience (Huang and Li, 2017). This approach
considers not only the scientific nature of the analysis but also
the workload and complexity of the experiment, thereby en-
suring the uniformity and broad applicability of the scheme to
a certain extent. The design parameters of the outer envelope
more notably influence the energy consumption of the build-
ing than those of the inner envelope. Therefore, in this paper,
the comprehensive heat transfer coefficient of the exterior walls
(A7) (Goncalves et al., 2020), solar radiation absorption coefficient
of the exterior walls (A;) (Fantucci et al., 2020), comprehensive
heat transfer coefficient of the roof (As3) (Liu et al.,, 2021), solar
radiation absorption coefficient of the roof (A4) (Li et al., 2015),
comprehensive heat transfer coefficient of the outer windows
(As) (Heydari et al., 2021) and window-wall ratio (Ag) (Phillips
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et al,, 2020) are used as the building energy simulation param-
eters; the recommended value range of each envelope structure
design parameter is rationally divided into factor classes. Allpairs
software is used to design an orthogonal table, as shown in
Table 2.

DesignBuilder is used to simulate the building energy con-
sumption level for 54 sets of tests. Each test is individually input
into DesignBuilder, and the software is used to simulate the
energy consumption of the building. The results of the orthogonal
test of building energy consumption are presented in Table 3.

4.2. Prediction of building energy consumption based on an RF model

(1) Establishment of the original training set. Using the sim-
ulation described in Section 3.2, 54 sets of simulation results for
building energy consumption are obtained and used to establish
an indicator system for the design parameters of the initial enve-
lope structure. The specific input indicators are Ay, A,, As, Ag, As,
and Ag.

(2) Sample diversity. The training sample set of the RF model
includes approximately 80% of the original data, and the test
sample set includes the remaining 20% of the original data. This
case involves 54 sets of sample data, and thus, 43 training sample
subsets and 11 test subsets are used. The training subsets are
applied to determine the RF parameters, build the RF model
and obtain importance scores, and the test subsets are used to
evaluate and verify the predictive performance of the model.

(3) Parameter selection. The number of random features mtry
in the regression model is generally set to one-third the number
of variables in the data set. The evaluation index system in this
case contains 6 influential factors. Notably, the result is optimal
when mtry = 2. According to theoretical research, the general-
ization error of an RF regression model gradually converges as
ntree increases. Therefore, a sufficiently large ntree value should
be selected to build the model and ensure that the training
error stabilizes. An OOB data error estimation method is used to
determine the value of ntree, and the result is shown in Fig. 3.
When the number of decision trees ntree > 400, the OBB error
rate tends to stabilize, and thus, ntree = 600 is selected in this
case.
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4.3. Importance evaluation and correlation analysis of the variables

(1) Importance calculation. An importance evaluation can be
performed to determine the degree of importance of the en-
velope design parameters in the estimation of building energy
consumption. The importance score of each factor can be calcu-
lated according to Eq. (6) presented in Section 3.5. Subsequently,
the importance scores of the influential factors are arranged in
descending order, and the importance of each variable in the
training model is evaluated, as shown in Fig. 4. A high range of
variation of a variable, based on node purity, corresponds to the
large influence of the variable on the evaluation index and the
high importance of the variable. Fig. 4 shows that the importance
levels of variables such as A;, As and Ag are relatively large,
indicating that these variables exert a notable impact on build-
ing energy consumption and must be considered in engineering
practice.

(2) Correlation calculation. The correlations between the influ-
ential factors and building energy consumption can be analyzed
by using the Pearson function. The Pearson correlation coeffi-
cients can be calculated using Eq. (8) presented in Section 3.6,
and a correlation diagram for the variables can be obtained using
R software, as shown in Fig. 5. The Pearson correlation coefficient
ranges from —1 to 1; blue and red represent positive and negative
correlations between two variables, respectively. The darker the
color and larger the diameter of a circle are, the greater the
absolute value of the Pearson correlation coefficient between two
variables and stronger the correlation, respectively. As shown in
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Fig. 4. Importance ranking of influential factors.

Fig. 5, the correlations can be sorted in decreasing order as Aj,
As, Ag, A3, A4, and A;; these results are similar to the importance
rankings.

4.4. Model training and prediction

This paper randomly selects 43 subsets of data from the orig-
inal data set to establish training samples for the RF model, and
the remaining 11 subsets of data are used as test samples based
on the design parameters of the 6 building envelope structures.
The two parameters of the model are set as mtry = 2 and ntree
= 600. The model is trained using the training samples. The
regression fitting curve for the training sample set is shown in
Fig. 6, and the trained RF model is used for regression fitting based
on the test sample set. The prediction result of regression fitting
based on the test sample set is shown in Fig. 7.

Fig. 6 shows that the fitting values of the RF model for the
training sample set are similar to the true values, and the fitting
effect is satisfactory. Fig. 7 shows that the predicted values of the
RF model based on the test sample set are similar to the true
values, indicating that the prediction error is small and the fitting
accuracy is high.
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4.5. Evaluation of the regression prediction results

To further verify the reliability of the RF model, SVM and
BP-ANN models are considered to predict building energy con-
sumption, and the key hyperparameters, namely, SVM, C and
gamma, are adjusted. The prediction results are compared with
the results of the RF model, and R? are adopted to assess the
models. R? reflects the fit of a model and ranges from 0 to 1. An
R? value close to 1 corresponds to an optimal model fit. An RMSE
value close to zero corresponds to a statistically ideal fit between
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Table 4

Error comparison for different methods.
Performance index RMSE R?
RF 0.015 0.993
SVM 0.426 0.929
BP-ANN 0.991 0.893

the predicted values and actual data. A comparison of the errors
in the prediction results obtained using different models is shown
in Table 4.

The RMSE for the prediction results of the RF model is con-
siderably smaller than that for the SVM and BP-ANN models,
which indicates that the regression prediction results of the RF
model are closer to the actual values and the prediction accuracy
of the proposed approach is higher than that of the other mod-
els (Yokoyama and Yamaguchi, 2020). Among the three methods,
the RF model yields the R? value closest to 1, indicating that the
model provides the highest fitting degree and the most satisfac-
tory prediction effect. In summary, prediction results with high
accuracy and reliability can be obtained by predicting building
energy consumption based on the RF prediction model.

5. Conclusions

Rapid urbanization and growing global awareness regard-
ing the environmental impact of buildings have motivated re-
searchers to explore innovative energy-saving solutions. BIM
provides a platform for related activities in the construction
field and can help implement collaborative practices in design
and construction. In this context, our research contributes to
the prediction of energy consumption based on building struc-
tures from several perspectives. First, we develop an energy
consumption simulation model involving BIM (Revit) and energy
simulation software (DesignBuilder). The visual building model
established using BIM software is imported into DesignBuilder
to extensively analyze engineering scenarios and identify the
appropriate strategies. Moreover, the comprehensive heat trans-
fer coefficient and solar radiation absorption coefficient of the
external walls, comprehensive heat transfer coefficient and so-
lar radiation absorption coefficient of the roof, comprehensive
heat transfer coefficient of the outer windows, and window-
wall ratio are selected as input variables for DesignBuilder to
perform numerical simulations. Next, to overcome the instability
of the empirical learning algorithms and increase the prediction
accuracy, this paper introduces RF ensemble learning prediction.
Finally, the prediction results obtained using the RF are modified
and optimized in BIM-DesignBuilder software, and architectural
drawings in CAD format are directly output from the model.

Second, the RF technique can consider the interactions among
the corresponding influential factors and rank the factors in order
of importance, thereby enabling managers to implement targeted
energy-saving measures. This research provides a novel approach
for identifying the key factors that influence building energy
prediction and achieving an enhanced understanding of building
energy patterns. The variable importance analysis conducted in
this study indicates that the most influential factors for the con-
sidered educational building are A;, As and Ag. In addition, after
predicting building energy consumption based on the RF model,
the predicted RMSE is 0.0115, and R? is 0.933, which reflect the
high accuracy of the RF prediction model.

Finally, to further verify the reliability of the RF prediction
model, the building energy consumption prediction results of the
RF model, an SVM model and a BP-ANN model are compared.
The results show that in comparison with the SVM and BP-
ANN models, the RF model yields the highest goodness of fit
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and smallest root mean square error. Thus, the proposed method
can aid architects and decision makers in assessing preliminary
building performance by considering the key factors in heavily
obstructed environments and for various facade configurations
without performing exhaustive analyses. The results obtained in
this study can assist researchers and building professionals in
understanding and managing the energy optimization design and
usage scenarios of public buildings considering cost optimality
and energy efficiency.

6. Limitations and future work

Importing Revit data into DesignBuilder involves certain chal-
lenges, including changes in the room volume based on the
different drawing formats used in Revit and DesignBuilder, and
overcoming the issues related to the exported model will be a
focus of future work. In addition, the predictions of the abso-
lute energy values in an energy simulation, given the relevant
assumptions, are rarely accurate. Usually, various validation tests,
such as the Building Energy Simulation Test (BESTEST) developed
by the International Energy Agency (IEA), are implemented to
validate building energy simulation tools (IEA 2007). In addi-
tion, validation tests comparing actual measurements from test
buildings can be performed.

This paper considers only a single case study in northern China
to predict building energy consumption. However, China has a
vast territory that spans five climatic zones, and the energy con-
sumption demands in different climate zones vary. In addition,
different types of public buildings have different energy con-
sumption characteristics. Therefore, the energy-saving potential
of the envelope structure design parameters in different climate
zones and different methodologies for different building types
should be considered. These factors can be considered in future
research. Additionally, future work can focus on enhancing model
prediction performance and expanding the proposed RF model to
obtain energy predictions for other types of public buildings, such
as hospitals and commercial buildings.
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