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Abstract: Building energy efficiency is vital, due to the substantial amount of energy consumed in
buildings and the associated adverse effects. A high-accuracy energy prediction model is considered
as one of the most effective ways to understand building energy efficiency. In several studies,
various machine learning models have been proposed for the prediction of building energy efficiency.
However, the existing models are based on classical machine learning approaches and small datasets.
Using a small dataset and inefficient models may lead to poor generalization. In addition, it is
not common to see studies examining the suitability of machine learning methods for forecasting
the energy consumption of buildings during the early design phase so that more energy-efficient
buildings can be constructed. Hence, for these purposes, we propose a multilayer extreme learning
machine (MLELM) for the prediction of annual building energy consumption. Our MLELM fuses
stacks of autoencoders (AEs) with an extreme learning machine (ELM). We designed the autoencoder
based on the ELM concept, and it is used for feature extraction. Moreover, the autoencoders were
trained in a layer-wise manner, employed to extract efficient features from the input data, and the
extreme learning machine model was trained using the least squares technique for a fast learning
speed. In addition, the ELM was used for decision making. In this research, we used a large dataset
of residential buildings to capture various building sizes. We compared the proposed MLELM
with other machine learning models commonly used for predicting building energy consumption.
From the results, we validated that the proposed MLELM outperformed other comparison methods
commonly used in building energy consumption prediction. From several experiments in this study,
the proposed MLELM was identified as the most efficient predictive model for energy use before
construction, which can be used to make informed decisions about, manage, and optimize building
design before construction.

Keywords: energy prediction; building energy consumption; machine learning; energy efficiency

1. Introduction

In the building sector, it is clear that energy demand is rising greatly, due to the increased
population, along with other factors such as social demand and rapid urbanization [1].
Building construction must be energy efficient and sustainable because it contributes
a large percentage to the world’s energy consumption and greenhouse gas emissions [2].
Hence, it is vital to understand the energy consumption pattern in the building construction
phase. This has attracted the interest of many researchers and practitioners, who have
contributed to concepts of building energy efficiency and savings [3–6].

Without doubt, due to modern technology in the building sector, such as the develop-
ment of industry 4.0, the insights behind the data can be explored and investigated using
artificial intelligence (AI) techniques, including machine learning (ML).

One way to analyze building energy consumption patterns is based on physical
simulation techniques. In this case, tools such as EnergyPlus and DOE-2 are often used.
One of the drawbacks with this method is that to use these tools, the users must provide a
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large amount of detailed information, namely details about the materials, roofs, windows,
HVAC (heating, ventilation, and air conditioning) systems, a building’s geometry, thermal
settings, occupancy loads, lighting, equipment, and weather conditions. Due to the long
processing times and the lack of information, these tools are insufficient for detailed
building energy consumption investigations [6].

In order to tackle the aformentioned issue, an alternative approach often explored has
been the data-driven approach [1]. In this method, building energy performance is assessed
based on historical data. Hence, with the availability of open data and the emergence of the
Internet of Things (IoT) and AI, building energy consumption performance can be studied
and understood well. With these opportunities, various machine learning methods have
been proposed to realize building energy consumption patterns. Some of the machine
learning methods and models found in the literature that have been explored for the study
of building energy consumption patterns include support vector machine (SVM) [7–9],
tree-based methods, such as decison tree [1,10,11] and random forest [12–14], artificial
neural networks (ANNs) [15–18], adaptive neuro-fuzzy inferring system (ANFIS) [19–21],
and others.

There are several benefits associated with efficient energy consumption. When energy
is used efficiently, the cost of energy is reduced. In addition, it causes greenhouse gas
reduction and improved energy security. Thus, it increases monetary savings on energy
utilities and other factors [22,23].

It is important to mention that in the literature, most of the models for building
energy prediction have been developed around a few data samples or a single dataset.
Thus, this leads to poor generalization of the models for energy use prediction. To our
knowledge, only a few studies have evaluated the predictive performance of models on
building energy consumption using multiple datasets. In addition, only a small number of
the existing methods have used more than 1000 buildings in a dataset to train the model
for good generalization performances. Obviously, the accuracy prediction of machine
learning models is dependent on the training algorithm and the quality and quantity of the
dataset used to train a model [24]. In choosing the best algorithm among the comparison
agorithms for building prediction, it is equally important to evaluate the algorithms on
the same dataset, otherwise, it cannot be concluded that one algorithm is better than the
other [25]. Hence, in this study, we utilized 5000 data samples, a large dataset. In addition,
to improve the quality of the dataset used in this study, we explored a feature extraction
technique. In production application, an important point to consider is the execution
time of the machine learning algorithm to prevent dragging and improve decision making.
Considering the aforementioned points and gaps, we propose a multilayer extreme learning
machine (ML-ELM) for annual building energy consumption prediction. Our proposed
method fused autoencoders (AEs) and an extreme learning machine (ELM) into a single
model. The AEs were utilized to extract features from the data in order to improve the
quality of the data employed in our machine learning algorithm. In addition, we utilized
ELM for decision making. The ELM is suitable for decision making due to its algorithm’s
universal approximation capability [26]. Hence, in this paper, the fused model is called the
multilayer extreme learning machine (MLELM). This study is unique because it investigated
how effective the combination of stacks of autoencoders (AEs) and the extreme learning
model was at predicting energy consumption across a range of buildings. In addition, the
proposed model was compared with several machine learning models, namely support
vector machine (SVM), random forest (RF), decision tree (DT), multilayer perceptron (MLP),
linear regression (LR), stacking, deep neural network (DNN), and the original extreme
learning machine (ELM).

In this investigation, we evaluated the proposed model and other comparison models
using the standard machine learning evaluation metrics, namely the mean square error
(MSE), the mean absolute error (MAE), the root mean square error (RMSE), and the co-
efficient of determination (R2-score). In addition, to evaluate how effective the proposed
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MLELM was in predicting the annual building energy consumption, we investigated the
percentage improvement ratio (PIR) of the MLELM’s performance.

In essence, this study aims to develop a model that is faster to train and also pro-
vides accurate information about building energy consumption. This model enables the
building designer to input the vital parameters of a building’s design. In response, it pro-
duces/forecasts the annual average building energy consumption based on a large dataset
of multiple buildings.

In summary, the key contributions of this research are as follows:

• We built a fast learner machine learning model that provides accurate annual average
building energy consumption using a large dataset with multiple buildings.

• We built autoencoders (AEs) to extract features from the input data and an extreme
learning machine to make decisions on energy consumption predictions.

• We proposed a multilayer extreme learning machine (MLELM), which fused autoen-
coders (AEs) and an extreme learning machine (ELM).

• We compared the performance of the proposed models (MLELM) and other machine
learning methods commonly used for building energy consumption prediction.

• We investigated the percentage improvement ratio (PIR) and the computation time of
the compared models.

The remainder of the paper proceeds as follows. Section 2 provides a review of the
relevant literature. Section 3 provides the theory and the proposed models. Section 4 dis-
cusses the research methodology, where the datasets and evaluation metrics are presented.
Furthermore, Section 5 presents the results and discussion. In Section 6, we conclude and
offer some remarks.

2. Related Works

In much of the related literature, the existing methods have focused on predicting or
forecasting building energy consumption. These methods have been based on traditional
machine learning algorithms. In addition, it is evident that there is no general rule or
agreement that a particular machine learning algorithm is the most suitable for energy pre-
diction [23,27]. Generally, each machine learning algorithm/model has a unique strength
that makes it performs well on a particular problem. Similarly, a machine learning model
that performs well on one problem may perform poorly on other tasks. In addition, some
machine learning models are easy to implement, while others require longer training time.
Hence, it is important to explore different machine models for a prediction problem. In
the literature, several machine learning models/algorithms, such as support vector ma-
chine (SVM), artificial neural network (ANN), decision tree (DT), and many others, have
been utilized for energy use predictions [15,28]. However, fewer studies have explored
flat-structure neural networks, such as extreme learning machines and broad learning
systems, for energy prediction. Table 1 provides the details of some of the machine learning
algorithms that have been applied for the energy consumption prediction task. In addition,
the references in Table 1 and the references therein detail other machine learning algorithms
that have been applied for predicting building energy consumption. The algorithms can be
grouped into neural network-based algorithms, such as ANN, tree-based methods, such
as decision tree (DT) and random forest (RF), statistically based algorithms, such as Bayes
(GBN), and others, such as K-nearest neighbors (KNN), support vector machine (SVM),
linear regression (LR), etc.

In addition to the data-driven machine learning methods presented in Table 1, many
other methods have been proposed for predicting building energy consumption. This
issue has gained researchers’ attention in recent years. Hence, many review studies [1]
have focused on building energy consumption prediction. For instance, according to Zhao
and Magoulès [29], building energy consumption prediction methods can be classified as
elaborate engineering methods, simplified engineering methods, statistical methods, artifi-
cial neural networks, SVM-based methods, and gray models. In addition, they analyzed
the model complexity, ease of use, speed of runtime, inputs needed, and accuracy of the
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models. Further, in [15], ANN-based, SVM-based, and hybrid methods were reviewed,
along with their advantages and disadvantages.

Table 1. Machine learning methods for energy prediction in the literature.

Building Type
Type of Energy Size of Sample Type of Learning Algorithm Performances

ReferencesConsumption Used Used in Term of
Considered RMSE

Non-Residential Hourly load 507 Artificial neural network (ANN) 5.71 [30]

Support vector machine (SVM) 1.17
Radial basis function NN (RBFNN) 1.43Non-Residential Hourly load 1 General regression neural network (GRNN) 1.19 [31,32]

Artificial neural network (ANN) 2.22

Non-Residential Hourly load 2

Stacking
Random forest (RF)
Decision tree (DT)

Support vector machine
Extreme gradient boosting
K-nearest neighbor (KNN)

13.81
26.34
19.20
16.12
15.37
17.81

[33]

Non-Residential Hourly load 5
Random tree (RT)

Random forest (RF)
M5 model trees

7.99
6.09
5.53

[6]

Residential Hourly load N/S

Decision tree (DT)
Support vector machine (SVM)

Artificial neural network (ANN)
General linear regression (GLR)

1.84
1.65
1.68
1.74

[34]

Similarly, as part of comprehensive reviews on energy consumption, in [35], the state-
of-the-art studies on building energy modeling and prediction, as well as modeling of
the critical components of buildings were examined (e.g., photovoltaic power generation),
building energy modeling for demand response (such as weather forecasting), agent-based
building energy modeling, and system identification for building energy modeling.

Many of these studies reviewed energy consumption prediction research efforts with
a focus on machine learning methods/algorithms used in the research. Many machine
learning methods have universal approximation capabilities, making them suitable for
many applications, such as energy prediction, parameter selection for dynamic models,
etc., [36]. Specifically, data-driven-based machine learning techniques are common methods
for building energy consumption prediction in the literature. Unlike Naive methods such
as the time of the week (TOTW) algorithm, machine learning techniques can generalize
well and take into account many factors that can affect building energy consumption for
better decision making.

From the literature survey, for instance, in Table 1 and the references therein, we
notice that the existing works used less than a thousand data samples for building energy
prediction. Generally, using small data samples for building machine learning models
will not generalize well on unseen data, and it implies poor model performances would
be obtained. Moreover, in the literature, fewer studies have focused on designing and
investigating the suitability of machine learning techniques for predicting building energy
consumption at the early design stage of the building. However, studying the energy
consumption at the early stage of building construction can prevent or minimize the
number of inefficient buildings being constructed. In addition, the existing works on
energy prediction have focused on non-residential buildings and hourly load. However, in
this current study, we targeted residential buildings. In other words, this research focused
on predicting and forecasting the annual building energy consumption of residential
buildings. Unlike other studies, we used a large dataset of 5000 data points, which covered
a large distribution of residential buildings. Hence, to predict building energy use, we
proposed a multilayer extreme learning machine (MLELM) to predict annual building
energy consumption at the early stage of construction using a large dataset. Our proposed
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MLELM was a flat-structure neural network. It had a fast learning speed. In addition, it had
universal approximation capability. In the following sections, we present the theoretical
details of the proposed multilayer extreme learning machine and the description of the
data employed in this research.

3. Theory

This section presents the proposed multilayer extreme learning machine and its
building blocks. The building blocks are autoencoders (AE) and an extreme learning
machine (ELM).

3.1. Extreme Learning Machine (ELM)

An ELM is a single-layer feed-forward neural network. Structurally, it has three layers:
an input layer, a hidden layer, and an output layer. Figure 1 shows the structure of a single-
layer feed-forward (SLFNN) ELM network. It is widely used in many applications [37–39].
It has a fast learning speed with good generalization performance [40]. It is regarded as a
universal approximation machine learning model. With sufficient hidden nodes, an ELM
network can approximate any function [41]. In the ELM concept, the weights (W) and
bias (b) between the input layer and the hidden layer are randomly generated and fixed
throughout the training time of the network. In the hidden layer, the product of the input
data and weight plus the bias are computed. In addition, a nonlinear function commonly
called the activation function, e.g., a sigmoid function, is then applied to the result. The
output of the hidden nodes is passed to the output layer where the output weights β are
computed. In the original ELM concept, the output weight β is computed using the least
squares approach.

Input Layer Hidden Layer Output Layer

𝑾,𝒃
𝜷

Input: X
Output: y

Figure 1. A single-layer feed-forward network.

The mathematical details of the ELM network are presented here. We consider that
there is a dataset with N training pairs, with the training set Dtrain = {xk, yk} : k =
1, . . . , N}, where xk = [xk,1, . . . xk,D]

T is a D dimensional vector of input data. In addition,
yk is the corresponding target output.

Suppose that there are L hidden nodes in the ELM network. Then, the output of the
ELM network is given by

f (x) =
L

∑
j=1

hj(x)β j, (1)
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where β = [β1, · · · , βL], and β j is the j-th output weight. Moreover, hj(x) is the activation
function of the j-th node. In this paper, we consider the sigmoid activation function given by

hj(x) =
1

1 + exp−(xWj+bj)
, (2)

where Wj and bj are the j-th component of W and b, respectively. In the ELM concept, the
objective function given by (3) is minimized to obtain the output weight β j

Jelm = min
β
||y−

L

∑
j=1

hj(x)β j||2 + λ||β||2

= min
β
||y−

L

∑
j=1

H(x)β j||2 + λ||β||2, (3)

where λ is the regularizer parameter, y = [y1, · · · , yN ] , x = [x1, · · · , xN ], and H is given by

H =


h1(x1) h1(x2) · · · h1(xN)
h2(x1) h2(x2) · · · h2(xN)

...
...

. . .
...

hL(x1) hL(x2) · · · hL(xN)


T

.

From (3) and (4), the output weight of the ELM network is given by

Primal Space: β =
(

HT H + λI
)−1

HTy (4)

Dual Space: β = HT
(

HHT + λI
)−1

y. (5)

3.2. Autoencoder (AE)

An autoencoder (AE) is an unsupervised neural network. It can be used for dimension
reduction or compression and feature extraction. Generally, the AE network consists of three
parts namely an encoder, a code, and a decoder. There are several types of autoencoders
based on how the AE network is trained. In this paper, we focus on an autoencoder based
on an extreme learning machine. It is widely used in many applications because of its fast
learning speed and good feature extraction ability [42]. Figure 2 shows the AE network.
Unlike the ELM network (see Figure 1), AEs are trained to reconstruct their inputs instead
of predicting the output y. AEs are widely used in classification, regression, and other
aspects of machine learning for feature extraction, dimension reduction, etc. Fusion of
feature extractors and a classifier can increase the performance of a classifier [43,44].

For an AE network, in the training process, the construction error between the input
and the output of the network is minimized. Figure 3 shows the typical process of an AE
network. Furthermore, according to the AE concept, the input weight W1 and bias b1 of
the encoder, shown in Figure 2, are randomly generated and fixed during the training. The
output weight W2 of the decoder is learned or trained to minimize the construction error
given by

E = ||X − X̂||2. (6)
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Encoder

Input: X

𝑾1, 𝒃𝟏 𝑾𝟐

Decoder

Output: 𝑋

Figure 2. A single autoencoder network.

Encoder Decoder

	||𝑋	 − 𝑋%||!

Input: X Fe
at

ur
e 

co
de

R
ec

on
st

ru
ct

io
n

Figure 3. The general process of an AE network.

As shown in Figure 2, the input X is passed to the network and transformed into a
hidden or latent space. In the ELM concept, the weight W1 and b1 are randomly generated,
and the output of the hidden layer is computed. This output is given by

Oe = g(XW1 + b1), (7)

where g(.) is an activation function. The commonly used activation function is the sigmoid
function. It is given by

1
1 + exp(−x)

, where x is the input.

Thus, to compute the output W2, the error E (6) is minimized. Hence, the output
weight of the AE can be computed, and it is given by

W2 =
(

OT
e Oe

)−1
OT

e X. (8)

Furthermore, in the ELM approach to the AE network, the features are encoded for
the input X by using the computed output weight W2. This is given by

X̂ = g(XW2T), (9)

where X̂ is the feature extracted. Hence, X̂ can be fed to a regressor for predictions. In
general, a deep/stack of AE can extract better features from the input data [45]. In the
stacked AE or deep AE, the learned codes (features) from the previous AE are passed to
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the next AE. The process continues in this manner until the maximum number of AEs is
reached. Thus, the output of the final AE is passed to a regressor to make decisions.

3.3. Multilayer ELM (ML-ELM)

In this subsection, we present the proposed multilayer ELM (MLELM) for the predic-
tion of annual building energy consumption. In the proposed approach, we used an ELM
regressor. It had a fast learning speed and an excellent approximation capacity. It could
approximate any function with sufficient hidden nodes. In our approach to modeling, we
fused the AEs and the ELM network together. Moreover, to extract rich discriminative
features from the input data X, we stacked a number of AEs together to form a stacked
AE, and the output of the stacked AE was passed to the ELM regressor for the energy use
prediction. Figure 4 illustrates the concept and approach proposed in this subsection.

X

Input
nodes

𝑔!"

𝑔""

𝑔#"

𝑾1𝟏, 𝒃𝟏𝟏 𝑾𝟐𝟏

𝑔""

𝑔!"

𝑔#"

𝑔!"

𝑔""

𝑔#"

𝑾1𝟐, 𝒃𝟏𝟐 𝑾𝟐𝟐

𝑔"!

𝑔!!

𝑔#!

X X
𝑋)

Output
nodes

Input
nodes

Output
nodes

𝑋)

Input
nodes

Output
nodes

(a) (b) (c)

𝑔!"

𝑔""

𝑔#"

(𝑾𝟐𝟏)𝑻

𝑔!!

𝑔"!

𝑔#!

𝑔!"

𝑔""

𝑔#"

𝑔!"#!

𝑔"$%!

𝑔#&%!

𝑔!&

𝑔"&

𝑔#&

(𝑾𝟐𝟐)𝑻 (𝑾𝟐𝑳(𝟏)𝑻

Input

X

Hidden
Layer 1

Hidden
Layer 2

Hidden
Layer n-1

Hidden
Layer n

ELM for decision
making

Stacked ELM-AE

ELM 
Hidden
Node

Output

𝑥"

𝑥!

𝑥)

𝑥*

ℎ"

ℎ!

ℎ)

ℎ+

𝑦"

𝑦,

(d)

Figure 4. Architecture of the ML-ELM. It consists of feature encoding using stacks of AEs, a multilayer
network with a randomized input weight and bias, and an ELM regressor for making the final decision.
(a) is an autoencoder (b) extracts a new representation from input x, and (c) is a new autoencoder, it
takes the new representation from (b) and extracts new features from it and (d) is the ML-ELM, it
consist of stacks of AEs and ELM regressor for final decisions.

For instance, (a) is the single layer AE, and after learning its output weight W21

using (8), the learned output weight W21 was used to encode the input X. This was
computed using (9), and the network is shown in (b). (c) shows the second AE, which took
the learned code (features) from the first AE and learned a new output weight W22, and
the next AE took the output of the previous AE as input, and the process continued. The
output of the final AE was passed to the ELM regressor or classifier for the regression or
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classification task. The proposed MLELM network, that is, the fusion of the stacked AEs
and ELM regressor for decision making, is presented in (d). With (1) and (9), the output of
the proposed MLELM network can be computed. The stacked AE was designed for feature
encoding, and the ELM regressor was for regression.

4. Research Materials and Methodology

This study proposed a multilayer extreme learning machine for predicting annual
energy consumption using a large dataset. The data collected for this research were from
the United Kingdom (UK). In addition to the proposed machine learning method, we
used other machine learning algorithms that are commonly used for prediction tasks.
The algorithms implemented were multilayer perceptron (MLP), support vector machine
(SVM), extreme learning machine (ELM), deep neural network (DNN), decision tree (DT),
linear regressor (LR), K-nearest neighbor (KNN), stacking, and the proposed multilayer
extreme learning machine (MLELM). The DNN has three layers, and it is trained using the
backpropagation algorithm. In addition, the stacking method stacks a regularized linear
regressor (LR) and support vector machine (SVM) together for a better performance. We
developed each of the models using Python programming language on a Jupyter notebook.

In addition, the experiments were carried out using Python programming language.
The experiments were performed using hardware with the following specifications: Apple
MacBook Air with macOS Big Sur 11.7, 16 G RAM of an Apple MI Chip with 8 processing
cores. First, exploration data analysis, such as data cleaning or preprocessing was carried
out on the raw dataset. It was essential to remove NaN (not a number) values from the
dataset, since a machine learning model cannot accept them. Further, the dataset was scaled
between 0 and 1 in order to avoid heavy computations during model training.

In addition, in this study, the proposed energy consumption prediction framework
had four steps. They were

• Data collection;
• Data preprocessing;
• Model development

– feature extraction
– training regressors;

• Model evaluation (testing).

Figure 5 shows the four sections of the proposed framework.

Training and Optimization of 
models

for automatic feature 
extraction and decision 

making

Building data 
set

Meteorological 
data set

Data 
preprocessing

Data Merging

Data 
conversion

Data 
Scaling

Data cleaning

Cross Validation Method

Data Split using 10 fold
Cross validation

9 groups for 
training

1 group for 
testing

Trained modelPrediction
Predicted annual 

energy 
consumption

Model
Evaluation

Figure 5. The flowchart of the proposed framework for annual energy prediction.
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4.1. Data Collection

In this study, we used two types of data. They were meteorological data and building
metadata. Building-related datasets were obtained from the Ministry of Housing Com-
munities and Local Government (MHCLG). The collected building data contained energy
consumption data of 5000 data points of residential building types in the UK. In addition,
the data contained the metadata. Figure 6 shows the details of the building dataset.

Figure 6. Different types of buildings from the building data utilized.

Building Metadata

Data on 5000 residential buildings within 10 UK area postcodes were collected. In
other words, we utilized 500 residential buildings in each postcode. The collected data
included the annual energy consumption for the year 2020 for each building. In addition,
the metadata consisted of tunable parameters that could be altered during the design stage.
The parameters included the wall description, floor level, number of habitable rooms, etc.

4.2. Meteorological Data

The collected meterological data contained weather features, namely wind speed,
pressure, and temperature. The dataset was collected from the Meteostat repository. In [23],
there is a detailed description of the dataset for the building metadata and meteorological
data. A total of ten postcodes for residential buildings were analyzed. The meteorological
data collected were the daily averages from 1 January 2020 to 31 December 2020. In
consideration of its applicability beyond the UK, the meteorological data were averaged on
a monthly basis rather than annually in accordance with the energy consumption data (to
ensure the model worked in both high and moderate weather conditions).

4.3. Data Preprocessing

Machine learning requires good data. The initial process in a machine framework is
data preprocessing. This is a set of processes where the data are prepared in a suitable
form to be accepted by a machine learning model. This preliminary process gives the
opportunity to detect inconsistencies in a dataset or invalid values in the data. In addition,
it prevents inconsistency in the model comparison and performances during analysis [1,46].
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4.3.1. Data Merging

Building a machine model with multiple datasets requires that the data be merged
or combined. In other words, the meteorological dataset and the building dataset were
merged. We used the postcode, a common variable from the two datasets to merge the
building data and meteorological data. We utilized the pandas package to carry out the
data merging.

4.3.2. Data Cleaning

Generally raw data contain invalid numbers or inconsistent values in the data samples.
The process of removing the invalid data, such as outliers, and the treatment of invalid
numbers, such as missing data, is called data cleaning. There were few missing values in
the meteorological data. In [47], for the missing value, a replacement of the missing value
using the mean of each feature column was used to resolve missing value problem. Hence,
we followed the same concept; in this study, we replaced the missing data with the mean
value of each column.

In the building dataset, there were 540 instances of missing values in the database.
These missing values were deleted to prevent model development complexities and ambi-
guity in the training and testing phase.

4.3.3. Data Conversion

The collected dataset, specifically the building raw data, contained some categorical
features, namely window energy efficiency, wall energy efficiency, and others. The feature
or variables were assigned values to change the data into a form that was accepted by a
machine learning model. The assigned values were: very good = highest value (5) to very
poor = lowest value (0).

4.3.4. Data Scaling

In our exploration data analysis (EDA), we noticed that some of the data had very large
values, e.g., between 1000 and 10,000, while some had small values between 0 and 5. These
inconsistencies in data values can cause high computation complexity during the model
training and testing. In addition, it may cause the machine learning algorithm to perform
poorly. Hence, to prevent this, and for a fair comparison, this study adopted the common
procedure of data preparation to eliminate these inconsistencies. Hence, the meteorological
dataset and the building dataset were scaled from 0 to 1. We used the sklearn python
package MinMaxScaler for the scaling. The sklearn Python package is a machine learning
library that implements various algorithms including preprocessing techniques such as
min–max scaling and standardization [48,49]. The formula of the MinMaxScaler used in
the sklearn package to scale the data from 0 to 1 is given by

Xmin−max =
X − Xmin

Xmax − Xmin
,

where X is the input data sample (the training dataset), Xmin is the minimum value, and
Xmax is the maximum value of the input data sample.

4.4. Model Formulation

In our implementation, we utilized the cross-validation technique. Hence, the pro-
cessed data were divided into a training set and test set. We used tenfold division and
fifteenfold division methods. In the tenfold division, the data were randomly split into
tenfold, and we ran the algorithms 10 times. In the first run, nine groups from the data were
gathered as the training data and the other one group as the testing data. In the second
run, we selected another one group for testing and the remaining nine groups for training
the model. The process continued until the tenth run was reached. A similar process was
followed for the fifteenfold division. The training data were fed into the proposed MLELM
model and the other implemented algorithms, namely the artificial neural network (ANN),



Energies 2022, 15, 9512 12 of 21

support vector machine (SVM), linear regressor (LR), decision tree (DT), K-nearest neighbor
(KNN), extreme learning machine (ELM), deep neural network (DNN), and stacking. The
comparison algorithms were the state-of-the-art models commonly used for predictions.

The proposed MLELM model for the prediction of annual building energy consump-
tion was described in Section 3.3. It consisted of feature extraction, the selection method,
and a regressor for the final decision making. The stack of AEs was used to extract features
from the processed dataset as described in Section 3.2.

In this study, DNN, ANN, KNN, SVM, LR, DT, ELM, and stacking were implemented
using the sklearn machine learning package. However, we built the proposed MLELM
from scratch because it was not available in the sklearn package. The MLELM contained
two AEs with the ELM regressor. The ELM regressor was used for the final decision. Each
AE had 100 hidden nodes, and the ELM regressor had 50 hidden nodes. Furthermore, in the
development of the SVM, we utilized the standard parameters given in the sklearn package
as follows: a 1.0 value of ‘C’, the radial basis function kernel, and a 0.1 value of epsilon.
Similarly, for other comparison models, we used the standard parameters suggested in the
sklearn machine learning package and [23].

4.5. Model Evaluation

In this research, we used the standard evaluation metrics commonly used in regression
tasks to evaluate the performance of the models. The performance measures we employed
were the root mean square error (RMSE), the mean absolute error (MAE), the mean square
error (MSE), and the coefficient of determination (R2-score). In addition, we present the
training time of the compared algorithms. In [7,32] and the references therein, it shows that
the most often used performance measures are the MSE and RMSE. For further comparsion,
we compared the performance of the models using the R2-score and the training time of
the each model.

• The mean square error (MAE) is the absolute difference between the actual values and
the predicted values at each point in a scatter plot. It is should be noted that the closer
the MAE’s value is to zero, the better the performance of the model. Furthermore,
the higher the score, the worse the performance of the models. The average absolute
difference between the actual and the predicted values is given by

MAE =
1
N

N

∑
k=1
|yk − ŷk|, (10)

where yk and ŷk are the k-th value of the actual and the predicted values, respectively.
N is the number of data points.

• The root mean square error (RMSE) is the root of the square of the average error
between the actual values and the predicted values of the model. The RMSE is given
by

RMSE =

√√√√ 1
N

N

∑
k=1

(yk − ŷk)
2, (11)

where N is the number of data points, and yk and ŷk are the k-th value of the actual
and the predicted values, respectively.

• The mean square error (MSE) is the measure of the square error or variation between
the actual values and the estimated values. It shows the quality of the prediction by
the predictors (regressors). The closer the error is to zero, the better the performance
of the model.

MSE =
1
N

N

∑
k=1

(yk − ŷk)
2, (12)

where N is the number of data points, and yk and ŷk are the k-th value of the actual
and the predicted values, respectively.
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• The R square (R2) is a metric commonly used to assess the performance of machine
learning models in a prediction task. Basically, it determines how much of a difference
in the target variable can be explained by the independent variables. The best outcome
of the R2 is 1.0, and the smaller the value of R2 when compared to 1.0, the less desirable
the result. Hence, for instance, an R2 = 0.65 value is better than an R2 = 0.59 value. It is
also known as the coefficient of determination. The R square is calculated as follows:

R2 = 1− ∑N
k=1(yk − ŷk)

2

∑N
k=1(yk − ȳ)2

, (13)

where N is the number of data points, and yk and ŷk are the k-th value of the actual
and the predicted values, respectively.

5. Result and Discussion

In this study, we validated the performance of the proposed MLELM using a large
dataset. In addition, we compared the proposed MLELM with other state-of-the-art models
commonly used for building energy consumption prediction. Eight other machine learning
models were implemented and compared with the proposed MLELM. The comparison
methods were support vector regression (SVR), decision tree (DT), linear regression (LR),
K-nearest neighbor (KNN), deep neural network (DNN), multilayer neural network, ANN
(MLP), stacking, extreme learning machine (ELM), and the proposed MLELM. In the
experiment, for fair comparison, we utilized the popular cross-validation concept [50] to
validate the performance of each method. The cross-validation method helps to evaluate
the independence of the test dataset. Hence, it gives accurate details of the performances of
each model.

In the the cross-validation concept, the tenfold evaluation method and fifteenfold
evaluation method [50] were used. The cross-validation method is a standard method
commonly used to evaluate the performance of a machine learning model on a test set.

Furthermore, we followed the standard sklearn package and the standard settings
employed in [23]. For instance, for DNN, we utilized five layers, which included the input
layer, the output layer, and three hidden layers, each containing 64 neurons. Other settings
are available in [23].

5.1. Experiment 1: Tenfold Cross Validation

For the tenfold evaluation approach, the collected data were divided into 10 groups,
and we ran the comparison algorithms 10 times. In the first run, we selected one group
from the split data as a test set, while the rest of the data, that is, the remaining nine groups
were used as the training set. In the second run, we chose another group as the test set, and
the remaining nine groups were employed to train the models. This process continued until
the tenth run was reached. The average of the evaluation metrics, namely the MSE, RMSE,
MAE, and R square of each comparison model is reported in this study. Table 2 shows
the detailed performance of the compared models for the tenfold evaluation method. The
model that had the best performance is in bold as seen in Table 2. The proposed MLELM
had the best performance in term of the MSE, MAE, RMSE, and R square. In other words,
the average MSE, average MAE, average RMSE, and average R2-score of the proposed
MLELM model were lower than that of the compared machine learning models. Thus,
the proposed MLELM was better able to predict the annual building energy consumption
at the early stage of construction than the compared methods. As a result, it can lead to
accurate energy policymaking. In addition, the standard deviation of the proposed method
was much lower than that of the comparison methods. Furthermore, the R2 of the proposed
MLELM was 0.588990, and it was the highest value of all the models. Thus, the proposed
MLELM outperformed the compared methods. This means that the proposed MLELM
was more stable in terms of predicting the annual building energy consumption than other
current machine learning models. In this way, construction costs can be managed, and
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decisions can be made in a stable manner. For instance, in Table 2, from the MSE metric,
the performance of MLELM had an average MSE of 0.0277, and it was small. Moreover, it
had a standard deviation (STD) of 0.003463, while the values of the MSE of the compared
methods were much higher than this with a larger standard deviation, as shown in Table 2.
For instance, the average MSE of the DNN was 0.049172 with an STD of 0.008374, which
was very large compared to the proposed MLELM.

Table 2. The performance of various models for annual building energy consumption: tenfold
division.

RMSE STD-RMSE MSE STD-MSE MAE STD-MAE R2 STD-R2

ELM 0.172858 0.008278 0.029880 0.008278 0.131924 0.016379 0.583827 0.084258
MLELM 0.166541 0.003463 0.027736 0.003463 0.128263 0.009046 0.588990 0.085919
SVM 0.171321 0.007268 0.029351 0.007268 0.130928 0.014499 0.581123 0.099753
LR 0.168418 0.004896 0.028364 0.004896 0.129586 0.009063 0.575575 0.120882
DT 0.221748 0.008374 0.049172 0.008374 0.168432 0.015450 0.468884 0.190318
KNN 0.176805 0.004831 0.031260 0.004831 0.134486 0.010274 0.512563 0.125415
ANN 0.169312 0.006397 0.028667 0.006397 0.130014 0.014149 0.571364 0.146048
DNN 0.171809 0.006493 0.029518 0.006493 0.129684 0.014702 0.553240 0.149189
Stacking 0.191935 0.004559 0.036839 0.004559 0.149320 0.008277 0.392181 0.108214

In addition, the value of the R square (R2-score) of the MLELM was 0.588990, which
was higher than the value of the R2-score of the compared models. From the definition of R
square in (Section 4.5), we concluded that the proposed MLELM had the best performance.

From the perspective of the interpretation of the results, they demonstrate that MLELM
has the potential to accurately predict energy consumption during the early stages of
construction. This information will help policymakers make more informed decisions. As
a result, decisions can be made quickly and effectively, for instance, how much money the
government could set aside for energy efficiency or upgrade projects. Using this accurate
energy use prediction can also reduce energy taxation. Furthermore, the proposed model
can be digitalized and commercialized, which means that software can be built around it.
Therefore, the proposed model offers greater technological and economic benefits [51,52].

Furthermore, the boxplot method was employed to present the model’s performances
using the evaluation metrics as shown in Figures 7–10.

ELM MLELM SVM LR DT KNN ANN DNN Stacking
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Figure 7. The performance of various models for annual building energy consumption: RMSE
comparison.
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Figure 8. The performance of various models for annual building energy consumption: MAE
comparison.

ELM MLELM SVM LR DT KNN ANN DNN Stacking
0.02

0.03

0.04

0.05

0.06

M
SE

 V
al

ue
s

Figure 9. The performance of various models for annual building energy consumption: MSE
comparison.
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Figure 10. The performance of various models for annual building energy consumption: R2

comparison.

Aside from the results in Table 2, a percentage improvement ratio (PIR) was performed
to determine how much better the proposed MLELM was compared to the other models.
The PIR was calculated, using the formula given by

Pc − Pp

Pc
∗ 100%, (14)

where Pp and Pc are the performance of the proposed model and the performance of the
compared model, respectively. The bar chart method was utilized to present the details
of the PIR results. Figure 11 shows the PIR of the compared algorithms. The PIR shows
that the MLELM had reasonable prediction performance in terms of the evaluation metrics,
RMSE, MSE, MAE, and R2-score. This supports using the MLELM model for annual
building energy prediction at the early design phase of a building project.

From the figure, it is obvious that the DT had the worst performance in terms of the
RMSE, MSE, and MAE. However, its performance was better than the stacking method
in terms of the R2-score, while the proposed MLELM had the best performance in all the
cases considered. In addition, the MLELM outperformed the DNN, KNN, ANN, stacking,
ELM, SVM, and LR. Based on the aformentioned results, the MLELM is suitable for the
prediction of building energy consumption, especially at the early phase of construction.
This will prevent or mitigate the construction of inefficient buildings with high energy use.
Hence, it will minimize the cost of energy utilization and enhance decision making.
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Figure 11. The Percentage Improvement Ratio (PIR) between the proposed MLELM and the com-
pared methods.

5.2. Experiment 2: Fifteenfold Cross Validation

A further experiment was conducted to examine the performance of the models when
more data segmentation was used. We used the fifteenfold cross-validation concept in this
case. In other words, the dataset was divided into 15 groups, and we ran the algorithm
15 times. For each run, we took one group from the divided data as the test set and the
remaining 14 groups as the training set. Hence, we trained the models with the data from
the 14 groups and tested the models with a single group selected as the test set. In the
second run, another group was taken as test set, and the remaining 14 groups were used as
a training set. The process was repeated until the fifteenth run was reached. The average
R2-score, the average MSE, the average RMSE, and the average MAE are presented in
Table 3. The model that had the best performance is in bold as seen in Table 3. As shown in
the table, the proposed MLELM had a better result compared to the other methods. For
instance, the MLELM had an average MSE, an average RMSE, and an average MAE of
0.026877, 0.163943, and 0.125931, respectively; whereas for the other methods, the average
MSE, the average RMSE, and the average MAE were much higher. In the ANN method,
we notice that the average MAE was 0.124810; however, it had a poor standard deviation
(STD). The value of the STD of the ANN method was 0.010351. However, the value of
STD of the proposed MLELM under the MAE metric was 0.007783, and it was very small
compared to the ANN. This supports the conclusion that the proposed MLELM is more
stable. With this stability, the proposed model will lead to stable decision making as well as
facilitate design management prior to construction.

In addition, the proposed MLELM had the highest R2-score and was better than its
counterparts. The model that had the best performance is highlighted in bold in Table 3.

Furthermore, the average training time for the methods is presented in Table 4. From
the table, the training time of the proposed MLELM was reasonable when compared with
the commonly used machine learning methods, such as SVM, ANN, DNN, and stacking,
for energy prediction. Hence, the proposed method can be used in production for the
prediction of annual building energy consumption.
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Table 3. The performance of various models for annual building energy consumption: fifteenfold
division.

RMSE STD-RMSE MSE STD-MSE MAE STD-MAE R2 STD-R2

ELM 0.165978 0.004063 0.027549 0.004063 0.127383 0.009553 0.591532 0.110926
MLELM 0.163943 0.003467 0.026877 0.003467 0.125931 0.007783 0.604863 0.098670
SVM 0.166296 0.003755 0.027654 0.003755 0.127400 0.008058 0.589093 0.108849
LR 0.165331 0.003584 0.027334 0.003584 0.127618 0.007845 0.595425 0.104244
DT 0.213160 0.007786 0.045437 0.007786 0.159670 0.015534 0.412233 0.167594
KNN 0.171204 0.004915 0.029311 0.004915 0.130788 0.011348 0.556586 0.121092
ANN 0.164569 0.004921 0.027083 0.004921 0.124810 0.010351 0.600091 0.133008
DNN 0.166838 0.003994 0.027835 0.003994 0.128700 0.010288 0.586552 0.105408
Stacking 0.185677 0.004164 0.034476 0.004164 0.144598 0.009565 0.435754 0.097321

Table 4. The average training time in seconds (s) for each method.

ELM MLELM SVM LR DT KNN ANN DNN Stacking

Training Time (s) 0.174543 1.209907 7.169429 0.026579 0.335507 0.221448 3.642533 34.993043 5.044873

With the results presented in this subsection (Section 5.2) and subsection
(Section 5.1), e.g., Tables 2 and 3, in terms of the MSE, RMSE, MAE, and R2, we vali-
dated that the proposed MLELM method for the prediction of annual building energy
consumption led to a better, more efficient, and more economic determination of building
energy consumption compared to other methods. From an economic point of view [51],
our method can optimize building construction time while building efficient buildings.
Hence, it can save costs and time and enhance policy management. Furthermore, it can
aid decision making on building construction. It can be said that, from the aforementioned
explanations, the proposed method leads to a better techno-economic assessment [53,54], as
it can lead to the construction of innovative designs, which can also encourage the design
of new building materials, thus leading to the creation of new jobs and reducing the cost of
energy consumption. The proposed method can prevent the unnecessary waste of energy.
This can provide a comfortable, safe, and attractive living and work environment. In the
long-term, having efficient buildings can lead to economic growth. The cost saved from
constructing efficient buildings can be diverted to other avenues.

6. Conclusions

This paper proposed a multilayer extreme learning machine (ML-ELM) based on big
data to predict annual building energy consumption at an early stage of construction. The
paper also implemented eight state-of-the-art models. The implemented models were
the ELM, SVM, LR, DT, KNN, ANN, DNN, stacking, and the proposed MLELM. The
performances of these models were compared. In general, the MLELM model produced
better results than the other models. Hence, with the good performance results generated by
this study, building designers can predict energy consumption early in the design process
of a building using the proposed MLELM. Thus, a better policy on building construction
and cost savings can be proposed by policymakers.

The compared models were evaluated using various metrics, such as the MSE, MAE,
RMSE, and R2-score. In addition, we presented the training time of each model, which
showed the computation time of each model. The fast training time of the proposed MLELM
means a fast and accurate decision can be achieved by policymakers before construction.

In addition, the percentage improvement ratio (PIR) was calculated to determine
the effectiveness of the proposed model in predicting the building energy consumption
compared to other models.

This percentage improvement ratio (PIR) provided motivation for builders to employ
the proposed MLELM model at an early stage of a building’s construction to make a good
decision that would lead to efficient building design and good construction management.
In summary, the proposed model is of practical importance for the timely and accurate
prediction of building energy consumption.



Energies 2022, 15, 9512 19 of 21

In addition to the aforementioned points, future studies should focus on employing
a deeper stack of autoencoders (AEs) for a deeper MLELM model on a larger dataset of
more than 60,000 for possible better performance. In addition, other variants of AEs can be
explored for building energy prediction. As a result of the usefulness of open data regard-
ing technologies, future studies can explore the use of some available open data [55,56].
Moreover, further optimization of the parameters for the proposed model can be explored
using evolutionary optimization [57] or Bayesian optimization techniques [58,59].
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The following abbreviations are used in this manuscript:

ANN Artificial Neural Network
MLP Multilayer Perceptron
ELM Extreme Learning Machine
MLELM Multilayer Extreme Learning Machine
SVM Support Vector Machine
DT Decision Tree
RF Random Forest
KNN K-Nearest Neighbor
DNN Deep Neural Network
LR Linear Regression
AE AutoEncoder
AEs AutoEncoders
EDA Exploration Data Analysis
PIR Percentage Improvement Ratio
MAE Mean Average Error
MSE Mean Square Error
RMSE Root Mean Square Error
R2 Coefficient of Determination
STD Standard Deviation
ȳ Mean of the output
N Number of data points
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