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Abstract — In the modern era, smart grids are generates vast amount of heterogeneous data, which are making the
challenges for effective energy management systems. Consequently, the prediction of energy consumption is important for
reducing the operational cost, ensuring grid stability and supporting maintainable energy usage. Moreover, the study of
energy usage in buildings is popular due to its significant environmental and financial implications. Smart metering can
improve building energy efficiency and management. However, the existing prediction strategies are failed to manage the
large scale energy data, dynamic behaviour of grid data and uncertainty due to the diversity of family home types and the
non-linear trends. Therefore, a specialized models that consider both temporal and spatial factors are required. This study
aims to address these issues through a Multi-objective Golden Eagle Optimization-based (MGEOQ) hybrid deep dynamic
convolutional fuzzy network (HDDCFN) method. Multi-objective optimization is used to optimize the hyperparameters of
the algorithm and prediction model. Regarding historical energy usage and weather conditions, the suggested method
incorporates a combination of linear and non-linear predictions. Here, fuzzy logic is used to manage the inaccurate and
uncertainty data while applying the Multi-objective Golden Eagle Optimization model. Here, large range of data were
processed with big data analytics and provides adaptive and reliable prediction outcomes. Moreover, the developed
approach improves the energy distribution, load forecasting and demand response performance. The simulation was done
using MATLAB and the developed system has demonstrates lower Mean Absolute Error (MAE) of 0.24, decreases the
Mean Square Error (MSE) of 0.27 and enhance the R? of 0.92 while comparing the traditional models.

Keywords — Artificial Intelligence, Energy Prediction, Energy Time Series, Smart Meters, Smart Grid, Optimization.

I.  INTRODUCTION
Greater numbers of individuals are choosing to live in cities rather than rural regions, [1] perhaps to take advantage of the
cutting-edge amenities of smart cities [2]. Residential building energy consumption has skyrocketed in recent years due to
technology breakthroughs, increased urbanization, more time spent indoors, and so on [3]. Smart System (SS) is a
technically sophisticated electrical grid; its development is critical for dependable and economic power for smart city users
[4]. Physical infrastructure is converted into digital infrastructure, and traditional analog systems are replaced by enhanced
digital and power electronics [5]. This technology improves the existing grid's efficiency and reliability by minimizing
outages and giving the grid self-healing or auto-restore capabilities [6]. When an outage occurs, electricity is instantly
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diverted, and power is restored to the affected region. Furthermore, because SG is technologically advanced, it includes
multiple energy-measuring technologies, such as smart meters and advanced metering infrastructure (AMI) [7].

Smart meters allow bidirectional connections between consumers and utility providers, so, the final results has generates
the wide range of data with various velocity and veracity across the abundant computation environment [8]. Here, the
generated data is based on time-series concepts and consists of energy use assessments of component equipment over a
timespan [9].

Moreover, In addition, the emergence of big data technology has further revolutionized the ability of valuable providers
for understanding the energy optimization, demand prediction, energy consumption and other patterns etc. Consequently,
data driven and decision making can enable to handle the high-volume data and data streams [10][11].

Researchers have used big data to create dependable and effective energy management systems [12]. Integrating data
analytics with a scalable selection process allows for consistent the predictions of demand and supply of energy [13], as
reported for the smart city of Singapore [14]. Researchers used SG to show how tools can be used to handle big data
strategies [15]. Even though accomplishing the objectives of these initiatives has been somewhat successful, long-lasting
outcomes still need to be achieved [16]. This lack of outcomes is due to the difficulty in understanding each consumer's
habits individually and tailoring tactics that consider the advantages versus drawbacks of changing behavior in accordance
with advised energy-saving schemes [17]. Additionally, there is a dynamic interaction between human behavior and the
factors influencing energy consumption patterns. Therefore, it is crucial to create models that can analyze energy time-
series data from smart meters and intelligently infer and anticipate energy consumption [18].

The body of knowledge used to predict electric usage is expanding daily. To create consumption-forecasting models
that are effective and more widely applicable, therefore various researchers are utilized an advanced data analytic system
such as machine learning (ML), Al and deep learning (DL) [19]. The short-term load forecasting (STLF) [20] models that
have been previously developed statistical approaches, including autoregressive moving average (ARMA) [21], artificial
neural network (ANN) [22], autoregressive integrated moving average (ARIMA) [23], convolutional neural network
(CNN) [24] and support vector regression (SVR) [25]. The capacity to extend is the primary metric for measuring model
performance in neural networks, and it is significantly influenced by the structure used. For example, large learning
mistakes will occur if there are too few nodes, whereas overfitting may occur if there are too many nodes. The
generalization capacity of the neural network system is directly impacted by overfitting and overtraining, which might
result from an inappropriate structure. Large datasets are needed to train statistical techniques, and feature collinear factors,
making it challenging to forecast dependent variables that alter the statistical significance of regression models due to the
connection between possible predictor variables. As a result, traditional models can only function reasonably when applied
to linear situations and they are unsuitable for capturing complicated electric consumption patterns.

This study aims to propose models based on data analysis of energy with time series, prediction and recognition of
various energy consumption series which are closely correlated to customer behaviour and anticipated comfort. This
research's main contribution can be summarised as follows:

Consider the energy-efficient framework for a big data analytics-based smart grid data metering system. To define the
detailed description based on residential buildings, a linear component of dataset-based time-series model was captured in
terms of historical energy consumption and meteorological condition [26]. The result of the linear stage is prediction
performance, residuals, and forecasted energy consumption. The historical energy consumption, linear stage prediction
performance, forecasted energy consumption, and other  meteorological conditions such as temperature, humidity,
apparent temperature, visibility, pressure, wind bearing, wind speed, cloud cover, precipitation intensity, precipitation
probability, dew point, etc., are stored in the database. Data preparation is the initial stage. Cleaning and performing
transformations on the original dataset are the goals of this step. The Multi-Objective Golden Eagle Optimization-based
(MGE) [27] Hybrid Deep Dynamic Convolutional Fuzzy Network (HDDCFN) [28] [29] method is proposed to predict the
energy consumption of the system. The multi-objective optimization optimizes the hyperparameter of the algorithm and
prediction model. Finally, the performance measures are validated for the overall system. The remainder of this essay is
structured as follows:

The available research on predicting electric demand and consumption profile clustering is reviewed in Section 2. The
proposed technique for this study is described in Section 3. The results and findings of the experiment are covered in
Section 4. The conclusion of the research is mentioned in Section 5, which offers suggestions for the future.

II. RELATED WORK

The Following Is a Summary of Some Recent Literature That Is Relevant to This Study

Responsible, efficient, and ecologically conscious energy consumption practices are increasingly essential for a dependable
contemporary power system. Singh et al. (2018) [30] provided an intelligent data mining methodology to analyze, predict,
and display energy time-series data and reveal diverse temporal energy usage patterns. Based on energy time-series data,
they suggested unsupervised data clustering, frequent pattern mining analysis, and Bayesian network forecasting for energy
consumption predictions. The proposed model's short-term hourly energy consumption prediction accuracy was 81.89%,
while long-term (day, month, week, and season) energy consumption prediction accuracy was 75.88%, 74.74%, 79.23%,
and 72.81%, respectively.
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Izidio et al. (2021) [31] suggested an Evolutionary Hybrid System (EvoHyS) that integrates statistical and machine
learning approaches through error series modelling for consumption electricity usage of a smart grid. EvoHyS is made up
of the Seasonal ARIMA (SARIMA) framework, ML, and a supplementary ML model that combines both linear and non-
linear predictions. Also, Genetic Algorithm (GA) has utilized for selecting features and hyperparameter adjustment to
increase its accuracy under the presence of EvoHyS uses a, An experimental analysis was carried out to validate the
presented EvoHyS approach and the outcomes are determined in terms of standard and well-known measures like Mean
Square Error (MSE).

Kumar et al. (2022) suggested a smart energy consumption analysis and alert system [32] to keep the user informed
and to prevent excessive energy consumption. It tries to create a circuit that enables the user to manage energy consumption
without incurring additional costs by enhancing intelligent electrical energy-saving techniques. According to Summit
Energy, a smart energy management system (SEMS) would assist with cost reduction. In addition, residential, commercial,
and manufacturing usage has been employed in the Internet of Things (IoT) and big data initiatives to effectively
accomplish electricity.

To forecast short-term power consumption, Khan et al. (2021) [33] introduced a temporal and spatial-based ensemble
forecasting model. Moreover, to analyse the electric utilization level of the higher buildings a clustering procedure with k-
means models are integrated. Also, Long short with gated recurrent memory networks are combined to perform the function
with an effective manner.

By achieving high results with the least MAPE value is 4.2 and 4.5 at higher building and floor area forecasting results,
correspondingly, the results obtained by their suggested ensemble method demonstrates the developed model has better
performance while comparing the electrical consumption of other sequential behavior approaches.

To identify the pattern of urban energy consumption, Niu et al. (2021) [34] suggested a unique spatiotemporal visual
analytic technique to find possible energy-saving opportunities, plan energy supply, and boost energy efficiency.
Additionally, they suggested a feasible flow approach for modelling energy demand change patterns and integrated it into
a tool for pattern research. The outcomes show the value of the suggested strategy, and the tool may be included in smart
energy systems for a deeper comprehension of user energy consumption habits and preferences.

A single complete LSTM built on a sequential network was proposed by Fatema et al. (2021) [35] as a method for
forecasting power consumption and pricing from massive datasets related to smart cities. The efficiency of the suggested
approach is verified using actual energy market information from the Australian Energy Market Operator (AEMO).
According to the validation results, the developed model is a superior choice for predicting the demand and price for energy
with a tolerable lower error.

Unal et al. (2021) [36] created a sophisticated pre-processing method in conjunction with a hybrid sequential learning
integrated energy forecasting model that incorporates a CNN and bidirectional long short-term memory (BiLSTM) into a
single framework for precise energy consumption forecasting methods. The prediction step is when the innovative hybrid
deep learning technique based on data feature decoding and coding is implemented.

To choose the most effective hybrid design for energy consumption prediction, Haq et al. (2021) [37] offered a
comparative examination of a range of deep characteristics using multiple sequential learning models. Convolutional long
short-term memory (ConvLSTM) combined with BiLSTM produces the most incredible performance. When applied to
publicly accessible datasets, such as the residential and Korean commercial building datasets, the suggested energy
consumption-forecasting model beats the existing algorithms.

Due to the ineffective parameter setup, traditional ML algorithms are prone to become trapped in local minima. For
instance, neural networks have intrinsic complexity and poor generalization, which causes overfitting problems.

Il.  PROPOSED METHODOLOGY

This article proposed a novel hybrid big data analytics-based energy-efficient framework for the smart grid to minimize
energy consumption. The suggested model is shown in Fig 1, along with its many phases, including data pre-processing,
training and testing, prediction model, and prediction optimization. The first stage involves the linear energy consumption
data based on historical energy consumption and meteorological condition data. Furthermore, the linear time-series model
is developed for the prediction performance of the energy consumption and residuals. Then, the linear and time-series
model data is given to the non-linear part of energy consumption system. Next, the database is created in a storage system.
Consequently, the raw data preparation and processing is executed, including millions of records of energy time-series data
consumption. In this step, the unwanted and missing data are cleared and corrected to support accurate predictions.

This article presents a novel MGE-based HDDCFN prediction model to detect energy consumption accurately. The data
are split into test and training phases. The training phases are executed based on the proposed hybrid deep learning model
with tuning the hyperparameter and the parameters are optimized by MGE method. Moreover, the prediction model
performance is optimized by the MGE algorithm. Finally, the performance measures are estimated to validate our proposed
research's effectiveness.

Data Pre-Processing

Data preparation changes the raw data into a usable and effective format. Numerous arbitrary variables, including
demographic, financial, cultural, climatic circumstances, and so on, can change the performance of the demand for and the

2708



ISSN: 2788-7669 Journal of Machine and Computing 5(4)(2025)

cost of electricity. Because original data quality might vary, pre-processing the data is important to increase the precision
of model predictions. Data for this investigation are pre-processed using normalization. Normalization is a common
technique used in data pre-processing, which transforms the numerical data into a standard format. This helps to enhance
the prediction accuracy of the machine learning models. In the proposed work, the normalization was performed before
data training combining all the training data features into a similar scale. Scaling the data involves dividing each feature
value by the standard deviation of that feature, which results in a new standard deviation of one for each feature. Here, the
normalization is estimated based on the ratio of difference between the mean from the original data to the standard
deviation. Thus, it enables the proposed model to learn effectively and enhance the accuracy of the energy consumption
predictions.
Capture a nonlinear part of

Smart grid data metering system energy consumption
> (Residuals,
l Predicted energy consumption

3 Meteorological condition)
linear part of energy

consumption in terms of
Historical energy consumption

and Meteorological condition Create the database

Linear Time series prediction l
model :
(Prediction performance, — Data pre-processing
Predicted Energy consumption 3

and Residuals)
MGE based HDDCFN for energy

consumption prediction
Optimize hyperparameter of

algorithm and prediction model
using MGE

Performance measures
Fig 1. Proposed Methodology.
Proposed Algorithm
Fig 2 depicts the new structure of the MGE-HDDCNN method that uses Deep CNN to operate a fuzzy system based on
the TSK model. In contrast to conventional neural networks, the name “DCNN” denotes three things: 1) there are more

than four layers; 2) bias is not taken into account; and 3) the weights could be a function rather than a true constant.

Layer 3 Layer 4

Layer 2

Y1

Energy
consumption
prediction

Ys

My Qp

| MGE optimization

Fig 2. Structure of the MGE-HDDCNN Method.
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Each unit in layer 1 indicates a linguistic variable as input, which is articulated using equation (1).

Y=Ly Vs—1,¥sl” @

The second layer, known as the fuzzy layer, distorts the linguistic features of the first layer. The second layer's elements,
which are DCNN neurons and the Gauss membership function, are often used, and the number of nodes in this layer
corresponds to the number of fuzzy rules. The fuzzy rule's T norm is the neuron's output, which is defined in equation (2):

_ Zf;_:1|y—dab|
2
9ab

Up =e (a=1.2...... sh=1,2....v) 2

where dg;, and o, indicate the center and breadth of the b** DCNN neuron of ya the Gauss membership function. The
sum of all the input linguistic variables iss, and the sum of all the membership fuzzy rules isv. The normalization layer,
which is the third layer has the same number of nodes as the fuzzy layer. Each unit in the third layer denoted a suitable IF
rule for the fuzzy system. The neurons' output expression for theb®*rule forQ, output is expressed as in equation (3), and

(4).
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b
s _ 2
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%
where the center of theb®*DCNN unit is denoted asY = (y;...... ys)andd,,. Each node in this layer also serves as a

DCNN unit, as can be seen from equation (2). The normalization layer is represented as third layer which has the same
number of nodes with fuzzy layer. Here, normalized unit is consider as M. Therefore, theM is equal to the ruleQunits.
These are the neurons' outputM, expressions in equation (5), and (6).

.Bb = v'ub (5)

21:1#1
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Each node in the fifth layer of this structure represents an output variable as the sum of incoming signals. The deblurred
output layer is the fifth layer. The weight of all input signals from the preceding layer is expressed in equation (7), and (8).

(6)

8[ lly—dp|1?]
[ ”Y db” ] (7)
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2
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i
Where the output value is denoted asx and the rule weights are denoted asW,;, and it is expressed in equation (9).

Wop =Tho F 11 Y1t eeeennnnn. TpsVsb = 1,200, v 9)

WZb = dbb = 1,2 ............. v (10)

GE Optimization

The combined Golden Eagle Optimization algorithm is the suggested GE algorithm. Here, the parameter selection is done
by applying the hunting and encircling fitness function as the HDDCFN algorithm. Initialize the HDDCFN algorithm's
settings, as well as its prime number and other parameters. The parameters were chosen at random and are expressed as in
equation (11).

K =Ko, Ky....... Ky (11)
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whereK; = 1,2,.... Nand the overall parameter quantity is denoted asN. The suggested HDDCFN algorithm's primary
focus is the best fitness selection. The fitness defines the function, which finds the optimal parameter to of each HDDCFN
process with the best solution. The objective function is assessed using equation (12) to evaluate the fitness value of each
parameter.

Fitness eeoooeooeeo2 value 2222 of € key(Fy) = f(optimal € key) = f(Ky, Ks....... Ky) (12)

Here, Fy is represented as optimal key factors. Moreover, the selected fitness function was contributed to the finest
parameter function with minimal fitness function coefficients. In an hyperparameter tuning the parameters are selected
based on the iteration and which are mapped in terms of HDDCFN’s flock data so far. Every time the data was trained and
recall the finest results under the iteration of hyperparameter tuning.

In each iteration, a target parameter is selected by each search agent from the store of the entire flock. The tuning of
each offensive and transit vector is then established with respect to the selected parameter.

Finally, the memory function was updated based on the parameter section approaches and performs the validation
phase. If the current position is updated based on the memory function, which is finest than the previous location of the
updated memory function. The parameter selection process is essential in a medical transaction. The parameter can be
selected simply by letting each transaction choose it from its memory. To help weights move across the network more
efficiently, a random one-to-one mapping technique is proposed, to randomly updates the current iteration while choosing
the group components. Here, the parameter is randomly selected so the selected parameter is private or public mode to
connect the memory on the single function. The selected parameter is then subjected to the strike and transit techniques for
forecasting the performance.

Exploitation Phase

Here, the current location is starting point of vector coefficients which has terminate and transact the parameter location
from that parameter exploration phase with respect to the memory models. The equation (13) is used to determine the
parameter exploitation vector for weights tuninga.,

K, =Y, -7, (13)

Where, K,is dented as parameter exploitation of weighting vectors of each ,?knis the best parameter stayed so far by

biask,,, andY,is the present iteration of weights a. Parameter of the vector coefficients has highlighted in exploitation phase
to leads the RDDCNN population based on the best-frequented sites.

Exploitation Phase

The parameter exploration is computed based on the exploitation phase. In some case, the parameter exploration is situated
in n-directions the tangent hyperplane is located within the round. Therefore, the tangent hyperplane is estimated at first
level of the exploration using equation (14),

hlk]_ + h2k2+ ............. hmkm =r= Zﬁl hiki =T (14)

From the above estimation, ordinary vectors and decision parameter vectors are represented as hy, h,..... hs and
kik,,..... ks respectively with the i"" nodes.

Updating Phase
The hyperparameter tunning phase consist parameter exploration and exploitation to represents the data transaction.
Therefore, iterative based data transaction of g™ vector step is mentioned in equation. (15)

K

— 0 9|6 0 u 0 9|6 0
AKL - T1 (CKU. + E |CKu - CKUJ)m + Tz (CKT' - E|CK?‘ - CKT‘|>

R,

B (15)

Where, randomly selected range is [0, 1] which is represented as initial and final public parameter values based on
exploitation inclination ryandr,,cg andcg with g™ iteration. Then, initial and final private parameter values based on
exploitation inclination cg andcg with g™iteration. Euclidean distance of exploitation and exploration vectors are denoted

as ||K, ||and]||K,.|| with respect to the g™ iteration which are present iteration.
Termination Phase

Here, the each transaction has optimal parameter position which is g+1 iteration is analysed by additionally mentioned the
gt iterative step vectors. Moreover, termination phase is implemented in in equation. (16),
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k91 = f9 + AK; (16)

From the termination phase new positions are generated and that are stored in the memory. Moreover, the previous
selected positions are avoided of the newly analysed is better for further processing. Consequently, feature values are
moved to the other location to pick the random feature point based on the population of strike vectors. For this loop to
continue, any one of the termination requirements must be met. Fig 3 shows a workflow of the proposed methodology.

Start

v

Input Time series data

I

Transform data into row vector
v
Split dataset

I
v v

Testing data Training data

]

Normalize test data

Normalize Training
data

Estimate training
response and
predictor response

Define MGE-HDDCFN
architecture

» Predict future time

Predict and update
the data

Terminate >
testing h

v

Forecast on Test
data

Performance
evaluation

End

Fig 3. Flowchart of the Proposed Methodology.

IV. RESULT AND DISCUSSION
The experimental design of the suggested research project is described in this section. MATLAB is employed as a general-
purpose language in this research study to carry out a number of tests.

Dataset Description

Since smart metering applications are run in actual buildings, getting time-series data is difficult and subject to constraints.
The proposed hybrid system is assessed using information gathered by the smart grid infrastructure on the overall hourly
energy usage between January 1, 2015, and January 1, 2019, which totals 35.1k points.
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Moreover, the dataset contains four years of electricity price, generation and usages, weather related data these are
collected from Spain country. then, to estimate the consumption and generation statistics ENTSOE based Transmission
Service Operator (TSO) public gateway was utilized. Consequently, Red Electric Espaa providing defrayal assessing on
Spanish TSO. Climate data for the five major cities in Spain was obtained from the Open Weather API as part of a personal
initiative and made available here. For the implementation, the collected datasets was split based on training and testing.
Finally, the performance are validated on entire data for testing the everyday of the weekends.

Performance Metrics

Five error metrics are used to evaluate the models: the correlation coefficient (R), the determination coefficient, the mean
absolute error (MAE), the mean square error (MSE), and the root mean square error (RMSE). The actual (Y;) and prediction
series (¥;) have linear relationships, which are measured by the correlation coefficient (R) in equation (17); values of R
that are closer to 1 suggest more accurate forecasts.

R = L(-N(%-7)

[S(-1)2 5(%-7)

WhereYandY defines the mean of actual and predicted values. Then variation between the actual and predicted classes
are fitting the regression line to the collected data which is termed as coefficient of determination (R?).

The variation that can be explained by fitting a regression line to the data is known as the coefficient of determination
(R?). This is a fundamental result of regression analysis. and this is better fit for calculating the statistical analysis of the
model. Then, quantified determination coefficient, which is denoted as numerical value. The squared value of the
correlation coefficient is (R?) and it is expressed in equation (18). Complex statistics suggest a lesser fault change, which
is from 0 to 1.

(17

Rz _ Zgzl(yt_?)(?t_ﬁ)

R 0772 5y (7 )

(18)

Total load (divided by 1000 for scale)

051 s Total load

004

Total load/1000 (GW)

pn n n m M
s 6 iy Fit]

Year

Fig 4. Total Hourly Load Curve.
wherendenotes the number of test datasets. This parameter provides the residual error based on MSE, and affects the

comparative valuation based on the imitation outcomes under the dimensionless measured metrices by evaluating the grade
of correspondence among the real as well as expected values. The root mean square error calculation (RMSE) is expressed

in equation (19).
RMSE = [H=D? (19)

The Mean Squared Error (MSE) is a statistic for evaluating the total squared deviations between the actual and estimated
values, or how close a fitted line is to sample points. The MSE is formulated in equation (20).

MSE =135, (Y, = V)* (20)
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The mean absolute error (MAE) in equation (21) is determined as the error rate ratio between the mean absolute
observed and estimated energy consumption.

MAE = H=ll (21)
Performance Analysis
The total hourly load curve is illustrated in Fig 4. By identifying the hourly demand, each sector's matching hourly load

curve is rebuilt of a chosen typical end consumer who represents consumption. The observation shows the overall load
curve of the energy efficiency SG system.

The hourly load and apparent temperature are illustrated in Fig 5. The hourly load graphs of the changing climatic
temperature visually represented the region's consumption patterns. These curves show that households and services
account for most of the country's electricity use. The rise in consumption at the beginning of the day begins at approximately
7°C after the commencement of work hours in the various consumption categories. The different activities reach their daily
average of around 22.5°C, where they stabilize and stay essentially constant until the end of the day. During the base year,
the highest measured temperature was 27.5°C in the summer; the lowest was 7°C in the winter.

Hourly load and Apparent temperature

30500 L]

30000

29500 °

29000 .o

28500

28000 . ] *

Total Load Actual (MW)

27500 ®

27000

75 10.0 125 150 175 20.0 225 25.0 275

Temperature (C)
Fig 5. Hourly Load and Apparent Temperature.
Heat, oil, and gas cover more than 90% of heating space and water costs. The electricity use for heating is restricted to

a few service segments and high-income homes. Its use grows correspondingly during extremely cold nights and, as a
result, it helps to build the year's highest peak in December.
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Fig 6. Load Forecast for Weekdays.
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Fig 6 and 7 show hourly power demand trends for weekdays and weekends during all seasons of 2015-2019,
respectively. Fig 6 shows that the predicted and the actual observed values are mostly consistent. The blue line in the
illustration also suggests the anticipated values, while the yellow line depicts the test/observed data. The projected values
are in perfect agreement with the data on observed power demand figures. One of the most popular methods for project
load in the SG is weekly projection, which is mostly carried out by the utility for week-ahead programming of the
generating units. Given the size of the data, it is clear from the statistics that the energy is in units of 200 MWh. Another
finding is that there is a very small error between real and forecast energy consumption.

32000

ion

30000

28000

Energy Consumpt

26000

24000

6
Weekends
Fig 7. Load Forecast for Weekend Days.

The observation demonstrates a sizeable difference in power usage between weekdays and weekends. The demand for
and consumption of power are significantly lower on the weekends due to fewer activities than on weekdays throughout
the year. This forecast will result in significant utility cost savings and improved use of the production facilities. These
simulation results, along with the RMSE, MSE, R, R?, and MAE errors in Table 1, explain the performance of the suggested
model. Once created, the forecasting model was trained and evaluated on unbiased data. When comparing the observed
data and projected values created during the training and testing procedure, the MAE and RMSE values were utilized to
assess the success of the scenarios.

Table 1. Performance Measures of a Proposed Approach Under Weekdays and Weekend Approach

Metrics Weekday Weekend
MAE 0.15 0.24
MSE 0.2 0.27
RMSE 0.43 0.76
Correlation (R) 0.842 0.861
Coefficient of Determination (R?) 0.932 0.926

R? is a correlation coefficient that measures how well the prediction models performed. The correlation between the
actual and expected values is greater the higher the R2 value. For example, on weekdays and weekends, the R2 value for
power demand is over 0.9, showing a significant connection between actual and expected values.

Comparative Analysis
The attained outcomes of the developed algorithm was validated with respect to the conventional method, like EvoHyS
[31], LSTM-GRU [33], and LSTM [35] in terms of different metrics in Table 2.

The suggested model has the most incredible R2 value of 0.932 for weekdays and 0.926 for weekends when compared
to EvoHyS [31], LSTM-GRU [33], and LSTM [35]. In this instance, there is a strong connection between actual and
anticipated numbers. The ideal outcomes for each model are shown in Table 2. The results show that the suggested MGE-
based HDDCFN model produces the best outcomes. The RMSE index of the suggested MGE-based HDDCFN model has
been improved compared to EvoHyS [31] in the case of power demand, LSTM-GRU [33], and LSTM [35]. Similar
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improvements have been made to the MAE over other approaches. When comparing the performance of MSE to that of
EvoHyS [31], LSTM-GRU [33], and LSTM [35] for electricity prediction, each approach performs better.

Table 2. Comparison of Performance Measures Using Various Approaches

Parameter Algorithm MAE MSE RMSE R R?

Weekday EvoHysS [31] 4.025 1.205 12.05 0.7652 0.91
LSTM-GRU [33] 5.444 0.310 2.669 - -

LSTM [35] 50.96 - 67.35 - 0.62

Proposed 0.15 0.2 0.43 0.842 0.932

Weekend EvoHysS [31] 3.052 1.053 23.056 0.682 0.905
LSTM-GRU [33] 3.769 0.340 2.695 - -

LSTM [35] 315 - 315 - 0.59

Proposed 0.24 0.27 0.76 0.861 0.926

V. CONCLUSION

The accurate study of power usage has been regarded as necessary because of the rise in electricity use in residential and
commercial structures. This research presented an intelligent multi-objective hybrid deep learning framework for an
energy-saving decision support system. Specifically, a cutting-edge, multi-objective metaheuristic forecast system inspired
by nature was developed behind the analytics layer to allow precise prediction and energy consumption optimization. A
future study may focus on creating a single prediction model that operates well under various seasonal and climatic
situations. In this study, the simulation tool was MATLAB, and the comparative metrics were RMSE, MAE, MSE, R, and
R? for weekdays and weekends. The usefulness of the suggested strategy with forecasting in various test cases and
granularity is demonstrated by simulation results. Furthermore, the numerical findings indicate that the proposed
forecasting model outperforms existing techniques in terms of MAE, MSE, and RMSE. Applying this approach to
additional big data sets to create city-level energy consumption estimates and extending this study to investigate more
granular geographical and temporal dimensions to obtain improved forecast accuracy are two potential future work
directions.
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