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Abstract—Electrical energy is a basic human need. With the 

increase in vulnerable populations and technological 

developments, the demand for electrical energy is also 

increasing. Forecasting or predicting electricity usage obtain a 

necessity for planning future energy resources. Electricity 

usage accurately forecasting is imperative and challenging. 

However, electricity usage data in society contains significant, 

nonlinear, and complex variances. The neural networks 

effectively overcome complex and nonlinear data problems, 

while bagging can reduce substantial conflicts. Therefore, this 

study combines a neural network with bagging to improve the 

prediction performance of electricity consumption. The results 

show that both data sets significantly reduce RMSE values 

between neural network applications using the neural networks 

and bagging techniques. The comparison between the neural 

network and bagging shows that the RMSE value is smaller 

than that of the neural network. Based on these results, the 

combination of neural networks and bagging performs better 

than a particular neural network. 

Keywords—predicting electricity consumption, neural 

network, bagging, RMSE 

I. INTRODUCTION

Currently, electrical energy is one of the basic human 
needs. The rising human population growth and 
technological developments have caused electricity usage to 
increase [1][2]. Therefore, forecasting electricity usage can 
become an energy investment plan and become a priority in 
many countries [3]. Predicting electricity usage is currently a 
vital role. Accurate electricity usage forecasting determines 
the government's future strategy for using electrical energy. 
However, this is quite challenging because the application of 
electricity usage to the broader community contains 
nonlinear features [4] and is complex. Thus it can affect 
model-making [5]. For instance, after the linearity test, a 
commercial building has a complex and nonlinear electricity 
usage profile produced an electricity usage dataset A, and 
the electricity usage dataset B had a nonlinear relationship 
[6]. Electrical loads are complex and nonlinear depending on 
the day, month, and temperature [7]. Days and months 
become some of the predictive factors in predicting 
electricity usage. For this factor, electricity usage predictions 

include time series, namely, forecasts that rely on time 
dependence patterns [8]. A time series is a set of sequential 
data collected over a period of time, such as peak load per 
hour, day, or week [9]. 

Accelerated technological developments have led to 
artificial intelligence as a solution for time series prediction 
compared to traditional methods technological developments 
have led to artificial intelligence as a solution for time series 
prediction compared to conventional methods [10]. As 
previously explained, the features of forecasting electricity 
usage are nonlinear. A neural network implements to create 
a complex model of nonlinear relationships among the 
elements for forecasting, and it acquired high accuracy [7]. 
Neural networks set models of nonlinear relationships 
related to the complexity of the structure of electricity 
demand.  

Neural networks are the right solution to overcoming 
nonlinear problems, but research using a single neural 
network still has a high variance [11]. Low variance and bias 
should be included in electrical load forecasting techniques 
[11]. Meanwhile, the electricity usage dataset contains a 
large variance. Several comparisons have proven significant 
differences in annual electricity usage per square meter of 
heating space [12]. Meanwhile, bagging helps reduce 
variance and prevents overfitting [13]. The bagging 
application has significantly high accuracy and is robust 
against noise and overfitting training data [14]. Bagging is 
also well applied to numerical prediction learning schemes 
[15]. 

Bagging is one of the variance reduction techniques for 
basic prediction methods such as neural networks or 
decision trees [16]. Errors obtained using bagging and neural 
networks have a lower variance than neural networks and 
decision trees [17]. Combining bagging and neural networks 
improves the accuracy of long-term electrical load 
forecasting and reduces variance [18]. 

The electricity usage dataset is a complex, nonlinear, 
significant variance of the problem described. A neural 
network can solve nonlinear and challenging data problems, 
but the electricity usage dataset has considerable 
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disagreement while bagging impact to reduce substantial 
conflicts. Therefore, this study proposes combining neural 
networks and bagging to overcome the problem of 
significant variance and determine which performance 
comparison is better between using a single neural network 
and a combination of neural networks and bagging. 

The following sections organize the rest of this paper. 
Section II explains the related research. Introduce the 
proposed method for predicting electricity consumption in 
Section III. Explain the study findings and compare the 
methods suggested in section IV. Finally, explain the 
conclusions and suggestions of the research in section V. 

II. RELATED WORK

Realize credible energy demand projections and find 

solutions to short-term forecasting problems. Forecasting the 

electricity demand is essential for creating more sustainable 

energy systems [18]. Forecasting power demand [19] is 

difficult due to several technical obstacles, particularly in 

regions that support a variety of dispersed renewable energy 

sources but lack the flexibility and capacity of centralized 

energy systems. This research developed a straightforward 

yet beneficial combination model to determine the amount 

of electricity used. The proposed methodology is geared 

toward using regional power grid operators in the future who 

have limited access to real-time energy data and require 

knowledge of a broader range of possible future levels of 

aggregate energy consumption—the development of a 

mechanism for projecting power demand using piecemeal 

interpolation. In 2016, Ding et al. [18] published their 

research on creating a neural network—a machine learning 

model—to calculate the load on medium-voltage/low-

voltage substations. These concentrate on the neural network 

model design process to create a model with the best 

predictive capacity possible given the data at hand. To 

ensure that the neural network model is applied as widely as 

possible. Forecasting electrical load use of variable selection 

and model selection. Several attempts have been made, as 

previously mentioned, to anticipate electricity usage using 

different modelling techniques, including statistical, 

machine learning, and deep learning techniques. However, 

with multivariate time series data on power use, no attempt 

has been made to forecast the geographical connection of 

variables with temporal information. Most studies only use a 

portion of the significant variables in the data on energy 

consumption when modelling time to predict energy 

consumption. In order to model irregular time information 

on power consumption and geographical information on all 

variables, an appropriate method is required. 

III. RESEARCH METHODOLOGY

A. Neural networks

In artificial intelligence, neural networks are crucial
techniques that, without explicit modelling, can reliably 
anticipate the results of nonlinear and complicated systems. 
[7]. The neural network structure is designed and modeled 

concerning the biological makeup of neurons in the human 
brain [19]. The human brain consists of neurons that work in 
parallel and are interconnected. Neurons are small 
processing units composed of millions of units. Each neuron 
takes input from a set of neurons to be processed and passed 
through the output. Then other neurons will collect the 
outcome for the different processes [20]. 

One type of neural network is the multi-layer perceptron 
(MLP), consisting of sequential layers of neurons, namely the 
input, hidden, and output layers. The input layer receives 
vector data. The input layer's output is then sent on to the 
first hidden layer, which queries it. The output from the 
preceding layer is similarly received by further hidden layers. 
The output layer then makes inquiries and produces the 
output based on the last concealed layer's production. To 
determine the accuracy of the task, the earned work is 
compared to the target and the error rate [19]. 

B. Bagging

The Bootstrap Aggregating or bagging technique
improves machine learning algorithms' performance, 
enhancing unstable estimates [17]. Bagging uses a random 
sub-dataset (bootstrap) approach to generate new training 
data. Then, during testing, the average of the entire bootstrap 
is taken [16]. Bootstrap replication of the training dataset 
forms several versions used as new training datasets [12]. 
Bagging improves performance by reducing variance and 
maintaining or only slightly increasing bias [15]: Looping 
for b = 1, 2, ..., B  

1. Create a sample bootstrap {( ��
∗ , ( ��

∗ ), (��
∗ ��

∗) , ...,
(�	

∗  �	
∗)} with random replacement of training data {(�1,

�1), (�2, �2), …, (�
, �
)} match with the Cb classifier is
turned on on the bootstrap compliant sample.

2. Final classifier output:

�(�) = −1∑ ��
�
��� (�)  (1) 

C. Hypothesis

A statistical t-test was performed using a significance

level of 0.05 (α=5%). Acceptance or rejection of this 

hypothesis test was conducted with the following criteria 

[22]: 

• If the significant value is > 0.05, then the null hypothesis
(H0) is accepted, and the alternative hypothesis (H1) is
rejected. It indicates that the independent variable has a
negligible impact on the dependent variable.

• If the significant value is <0.05, then the null hypothesis
(H0) is rejected, and the alternative hypothesis (H1) is
accepted. It signifies that the dependent variable is
significantly impacted by the independent variable only
partially.

D. Data Collection

Dataset from kaggle.com. This study uses electricity
usage dataset A in Table I and electricity usage dataset B in 
Table II. The equation of dataset A and dataset B are both 
time series datasets, namely the use of electricity 
consumption from month to month and year to year. The 
difference between the two datasets is the addition to dataset 
A with variable electricity usage kW per hour (kWh) and 
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kVar per hour (kVh), while the branch to dataset B uses 
electricity with specifications for voltage, kitchen, and 
laundry. Datasets A and B also have variable equations, 
namely active power of kW and reactive power of kVar, and 
both variables have the same features only with different 
variable names. 

TABLE I.  ELECTRICITY CONSUMPTION DATASET MODEL A 

Number Variable Mean Standard Deviation 

1 Serial - - 

2 kWh (output) 1585.00 1045.90 

3 kW 0.66 0.99 

4 kVARh 623.93 411.05 

5 kVAR 0.26 0.21 

6 Date Time 63.24 43272.58 

TABLE II.  ELECTRICITY CONSUMPTION DATASET MODEL B 

Number Variable Mean Standard Deviation 

1 Date 416.41 39787.50 

2 Active power (output) 1551.33 617.30 

3 Reactive Power 175.82 52.00 

4 Voltage 239.33 19.08 

5 Kitchen 1594.41 1587.84 

6 Laundry 1845.38 2089.59 

7 HVAC 9178.34 3787.90 

Numbers, variables, averages, standard deviations, and 

output variables (kWh) are displayed in Tables I and II. The 

model A electricity usage dataset in Table I on the kW 

variable and the model B electricity usage dataset in Table II 

on the laundry variable shows the magnitude of the variance, 

which sees the standard deviation value as more significant 

than the average value. 

E. Proposed Method

Fig. 1 compares the application of neural networks with
neural networks and the bagging method proposed in this 
study. In the initial data processing, normalization is carried 
out on the electricity usage dataset to produce a new 
normalized dataset. The dataset becomes data training and 
test data with 10-fold cross-validation: the data training and 
testing process with two methods: neural network and neural 
network plus bagging technique. The neural network's 
initialization parameters are for the input layer, hidden layer, 
training cycles, learning rate, and momentum by default. 

Similarly, bagging is given initialization of sample ratio 
and iteration parameters by default for neural networks and 
bagging. The training data is divided into sub-datasets 
(bootstraps) with several iterations. A neural network then 
processes each bootstrap data. The final result is the Root 
Mean Square Error (RMSE) value, which is the error level in 
the prediction results. Then a comparison of the RMSE value 
with the two methods is performed. Smaller RMSE values 
have shown better performance. 

Fig. 1. Comparison of Neural Network Implementation with Bagging 
Technique  

IV. RESULTS AND DISCUSSION

These investigations on the neural network and the neural 
network with bagging were carried out six times on the A 
and B power utilization datasets, utilizing random 
parameters. In Table III, six experiments with dataset A 
show that all RMSE results have decreased between the use 
of neural network and neural network+bagging, with an 
average RMSE value of 0.017 with neural network and 
0.015 with neural network+bagging. Likewise, in Table IV, 
it can be seen that six experiments with dataset B show that 
all RMSE results have decreased between the use of neural 
network and neural network+bagging, with an average 
RMSE value of 0.473 with neural network and 0.458 with 
neural network+bagging. 
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Table III and Table IV matching findings demonstrate a 
considerable reduction in the RMSE value when the neural 
network and neural network with bagging are applied to the 
electricity usage datasets A and B.  

Fig. 2 and Fig. 3 show the RMSE value decrease when 

using both datasets' methods. Applying the neural network 

and bagging offers a smaller RMSE value than the neural 

network itself. It indicates that the neural network and 

bagging perform better than the neural network. 

As previously explained in the paper, the electricity 

usage datasets A and B contain a significant variance. 

Referring to the research by Khwaja et al. [17] applying 

bagging to neural networks has successfully improved the 

prediction by reducing friction compared to using a single 

neural network. Comparing smaller RMSE values using 

neural networks and bagging shows that bagging can reduce 

substantial conflicts. Therefore, the combination of neural 

network and bagging results acquired better performance 

than using only a neural network. 

TABLE V. PAIRED TWO-TAILED T-TEST WITH METODE NEURAL NETWORK 

DAN BAGGING  (DATASET A) 

Neural Network Neural Network+Bagging 

Mean 0,017 0,015333 

Variance 8E-07 2,67E-07 

Observations 6 6 

Pooled Variance 5,33333E-07 

Hypothesized Mean Difference 0 

df 10 

t Stat 3,952847075 

P(T<=t) one-tail 0,001358864 

t Critical one-tail 1,812461123 

P(T<=t) two-tail 0,002717728 

t Critical two-tail 2,228138852 

TABLE VI. PAIRED TWO-TAILED T-TEST WITH METODE NEURAL NETWORK 

DAN BAGGING  (DATASET B) 

Neural Network Neural Network+Bagging 

Mean 0,473333333 0,458166667 

Variance 8,66667E-05 2,61667E-05 

Observations 6 6 

Pooled Variance 5,64167E-05 

Hypothesized Mean Difference 0 

df 10 

t Stat 3,497414111 

P(T<=t) one-tail 0,00287565 

t Critical one-tail 1,812461123 

P(T<=t) two-tail 0,005751301 

t Critical two-tail 2,228138852 

To ensure this study hypothesis is evaluated, statistical 

methods are needed to test the relationship between using 

the neural network method with the neural network and 

bagging. Whether there is a relationship between the two, 

hypothesis testing uses the t-Test method [22]. The 

difference between the two models requires testing, one of 

which is the t-test [23], by looking at the P value. The P 

value <0.05 indicates that the null hypothesis is rejected or 

is called the alternative hypothesis. The alternative 

hypothesis asserts that there is a relationship between the 

two variables, whereas the null hypothesis claims that there 

is no relationship [24]. 

Table V shows the t-Test for the RMSE results in 

dataset A, showing that the null hypothesis is rejected 

(alternative hypothesis) with a P value of <0.05, which is 

0.0013. Table VI, the t-Test for the RMSE results in dataset 

B, also shows that the null hypothesis is rejected (alternative 

hypothesis) with a P value < 0.05, which is 0.0028. The 
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results of the t-test with the null hypothesis being rejected 

(alternative hypothesis) indicate that the use of the neural 

network method with the neural network and bagging shows 

a significant effect or difference. Neural networks and 

bagging produce better performance or accuracy than the 

neural network method alone. As stated in Kim and Kang's 

research in 2010 ago [25], bagging has consistently 

improved prediction accuracy in neural networks, which 

means that the two proposed combined (ensemble) bagging 

and neural network methods can be a practical tool for 

improving neural network performance. 

V. CONCLUSION

The results of dataset A indicate that all RMSE values 
drop between neural network and neural network with 
bagging, with an average RMSE value of 0.017 for neural 
network and 0.015 for neural network with bagging, 
indicating that the error rate decreases, resulting in improved 
RMSM results. Similarly, dataset B demonstrates that all 
RMSE values decrease from neural network to neural 
network with bagging, with an average RMSE value of 0.473 
for neural network and 0.458 for neural network + bagging, 
indicating that the RMSM outcomes achieved are improving. 
The finding is that the RMSE value is reduced when a neural 
network is combined with bagging instead of a single neural 
network. It also demonstrates that bagging can significantly 
reduce variance because all neural network + bagging values 
are below 0.05, indicating that a combined neural network 
with bagging performs better than a single neural network. 
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