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Abstract. Due to rising demand and expanding economies, forecasting electricity loads
is vital for electrical system management. Precise forecasts assure both economic
stability and effective utilization. The basis for generating schedules and managing
energy is established by prediction, which is crucial for power stations and transmitting
facilities. The purpose of this research is to develop an efficient load prediction approach.
Hence, this study presents a novel fine-tuned backtracking search-driven log-sigmoid
recurrent network (FBS-LRN) framework for improved thermal electricity load prediction.
In the proposed framework, the FBS optimization strategy is introduced for recurrent
network activated dynamically in long and short term memory (LSTM) with the log-
sigmoid function. In the beginning, the FBS optimization approach is employed to
improve the LSTM's characteristics to tackle the issue that the LSTM's performance will
be impacted by the unpredictability of its internal properties. Next, using the Python
platform, the electricity load projection framework, depending on the suggested FBS-
LRN will be implemented into practice and examined using several criteria. The
comprehensive research reveals that the suggested approach has superior prediction
accuracy and efficacy compared to the current models. Planning for power production
and use in the electrical system can be aided within thermal by higher-quality load
forecasts.

Keywords: Electricity, load prediction, energy usage, forecasting model, power
production, thermal.

1. Introduction

In any economy, electricity plays a crucial role in maintaining highly technologically advanced
industrialization. These days, almost everything that is done depends on thermal power. The world's need and
use of thermal electric energy are growing as the years pass by. However, producing, transferring, and
distributing thermal electrical energy is a difficult and expensive operation [1]. Forecasting and management of
electrical loads, with an emphasis on projecting future electricity use based on past data and several affecting
factors like thermal weather patterns, societal shifts, and demographic shifts. It involves applying deep learning
(DL), machine learning (ML) and statistical methods to create precise models that support the optimization of
thermal power distribution, generation, and transmission [2].

1.1 Electricity in modern economics

Effective grid management is crucial to lowering the charge of energy generation and raising the
capability to satisfy the world's expanding need for electric energy [3]. Thus, adequate maintenance schedules
for production, distribution, and thermal distribution lines, optimal allocation of load through supply lines, and

876


mailto:wuwei@nim.ac.cn

International Journal of Multiphysics
Volume 18, No. 3, 2024
ISSN: 1750-9548

good consignment demand planning are required for efficient grid management. Consequently, optimizing the
effectiveness of the development progression in the power group sectors will greatly benefit from precise load
forecasting [4].

1.2 Effective Grid management

To increase Electrical Energy Demand's (EED) precision several statistical and computational methods
will be used to improve prediction models for anticipating [5]. Three categories can be used to group EED
forecasting techniques: correlation, extrapolation, and a combination of both [6], [7]. To replicate the increasing
trend itself, trend analysis techniques (extrapolation) entail thermal appropriated development curves for the
main ancient data on thermal electrical energy requests [8]. Here, the inclination curve utility at the desired
prospect point is estimated to get the future value of the electricity demand. In some cases, its outcomes are
extremely realistic despite how simple they are [9], [10].

1.3 Forecasting the demand for electrical energy

Conversely, correlation approaches entail connecting the configuration load to several demographic
and economic variables [7], [8]. However, the type of method convinced the analysts to record the correlation
that exists between patterns of load increase and other quantifiable variables. The forecasting of demographic
and economic variables, which is more difficult to predict than the load estimate alone, is the drawback [11].
Correlation strategies typically involve cost-effective and demographic indicators such as employment,
population, construction authorities, acquiring thermal power, drying, and air-adapting scheme information,
thermal climate data, construction organization, and professionals [12], [13]. However, some researchers divide
EED forecasting models into two categories: engineering methods and data-driven methods. However, no single
approach is recognized as being scientifically superior in every circumstance [14], [15]. The purpose of the
study is to improve the electricity load forecast by developing and evaluating an advanced framework called the
Fine-Tuned Backtracking Search-Driven Log-Sigmoid Recurrent Network (FBS-LRN).

1.4 Contribution of the study

e To address the unpredictable performance of LSTMs and improve load prediction, the paper
presents the FBS-LRN framework, which combines log-sigmoid function-activated LSTM
networks with backtracking search optimization.

e The work provides a methodological breakthrough in thermal power load forecasting by improving
LSTM's capabilities through FBS optimization, guaranteeing more precise and useful predictions
in comparison to conventional models.

e To enhance better prediction accuracy for estimates of the amount of electricity that will be
consumed.

The study is structured into several key sections to address the research objectives. It begins with an
introduction in section 1, the literature review follows in section 2, and the methodology section 3 explains the
data collection, analysis, and research design. The results section 4 was presented next, showcasing findings
supported by data and analysis, while the discussion and conclusion were explained in sections 5 and 6.

2. Related Work

Using correlated meteorological factors, a method for choosing the least cost electric load forecasting
model (ICELFM) [16]. Their least thermal cost forecasting models were created using RMSE, MAE, and MAPE.
To increase the accuracy of 168-hour forecasts, a collection of machine learning models was proposed in [17].
The models that have been constructed utilize many features from different sources, such as prior workload,
thermal climate, and holidays. Out of the 5 machine learning replicas that were created and evaluated in diverse
capacity scenarios, the Extreme Gradient Boosting Regressor (XGBoost) method demonstrated the most
promising outcomes, outperforming earlier neural network-based weekly projections. The models that have
been constructed utilize features from different sources, including past loads, weather, and holidays. An
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innovative hybrid short-term thermal electric load anticipating ideal is presented in [18]. The recommended
model was a composite structure comprising forecasting and training modules, feature selection and pre-
processing data modules, and optimization modules. With an hourly resolution [19] a DL model that takes into
accounts the complexity and variety of residential building load demand. With a small number of input
variables, the suggested model can achieve excellent prediction accuracy due to its good learning thermal
capacity, which can take time dependencies into account. To project the yearly highest load [20] proposed a
hybrid long-term forecasting approach that combines Artificial Neural Network (ANN), Auto-Regressive
Integrated Moving Average (ARIMA), and Support Vector Regression (SVR) models.

A DL framework that combines long short-term memory (LSTM) with a convolutional neural network
(CNN) was planned in [21]. The suggested amalgam CNN-LSTM model combines LSTM layers for sequence
learning with CNN layers to obtain features from the data being received. They present a thorough comparison
of the framework's performance with the most advanced techniques available today for short-term forecasting of
individual household electric usage. The suggested mixture CNN-LSTM methods combines LSTM layers for
sequence learning with CNN phases for extracting features from the involvement data. A novel two-phase
approach for short-term ELF to remove the crucial individualities from the developed data was examined in
[22]. A combined model for load forecasting based on transfer learning and Bidirectional Generative Adversarial
Networks (BiGAN) [23] data augmentation approaches was suggested to address the Integrated Energy System
(IES) problem. To conduct an ablation and contrast experiment, ten distinct data-driven model types,
encompassing the suggested model, were compared in two scenarios: residential and business customers. To
employ a hybrid long-term forecasting approach that associations Support Vector Regression (SVR), Auto-
Regressive Integrated Moving Average (ARIMA), and Artificial Neural Network (ANN) models to assess the
yearly highest load and energy request in the Electric Energy System were investigated in [24].

3. Methodology

In this section, we have collected the load data and distributed the data into Scenario 1 and Scenario 2.
After that, we investigated the load estimate with a novel fine-tuned backtracking search-driven log-sigmoid
recurrent network (FBS-LRN) approach. After collecting the data, we predict the electricity load power using
LRN and integrate it for optimization with FBS. Fig. 1 shows the methodology flow.
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Fig. 1. Methodology flow
3.1 Dataset

The Intelligent technology system provides thermal proposition on a power plant's actual load every
forty minutes, which was used to collect time-series data for the trials achieved in this study. The study’s
collected data consists of 350 sample points, or two weeks’ worth of electricity load data, which are used to
assess and authenticate the prediction model’s accuracy. The participation of the ideal utilized with this
investigation represents the actual thermal power load values on the premises during the identical period across
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2 days earlier to the estimated day, the load data on the premises identical period across 4 days before the
forecast day, and the load data at the identical period across the identical period of the 2preceding weeks. The
model's input is used in this investigation, and the output is the capacity across the anticipated day.

3.1.1  Scenario Development

Here, two experimental scenarios are carried out, respectively, to validate the model by altering amounts of
training set data. We collect the electricity load data based on 2 scenarios, Scenario 1 and Scenario 2. In scenario
1 utilize the first 12 days of 2 weeks for training, and the following 13th and 14th days for testing. And use the
first 13 days of 2 weeks for training 14" day for testing the data.

3.2 Electricity Load forecasting model
321 FBS-LRN

In an LSTM network, the memory units termed cells retain 2 key states: the hidden state and the cell state,
crucial for information flow continuity as thermal. The cell states undergoes potential linear transformations,
modulated by log -sigmoid gates that control data retention or removal. The mechanism addresses the long term
dependency issue typical in LSTM network. Fig.2. Debits the architecture of the log- sigmoid recurrent network
(LRN), emphasizing its gate driven memory operations.
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Fig. 2: Architecture of LRN

The initial step in constructing an FBS-LRN involves identifying and filtering unnecessary
information. The log-sigmoid function, which proceeds the current input (W;)at time t and the output of the
prior FBS-LRN unit (gs_,) at the time(s — 1), concludes the development of perceiving and eliminating data.
The sigmoid purpose establishes which portion of the previous output has to be uninvolved. The term "forget
gate" (ft) refers to this gate; it is a vector whose values range from 0 to 1, representing each number in the cell
state, (Dg_;) in Eq. (1).

es = o(X, [gs—l: VVS] +a.)
)

Here, X, and X stand for the thermal load matrices with a preconception of the forget gate,
individually, while o represents the log-sigmoid purpose. The following phase includes informing the condition
of the cell and making a decision based on the information from the new input(W;). This stage consists of two
layers: the log-sigmoid layer and the tanh layer. Before the tanh utility assigns weight to the values that are
distributed by significant their level of relevance(—1 to 1), the log-sigmoid layer regulates whether the different
statistics would be restructured or disregarded (0 or 1). To update the different cell status, multiply the 2 values.
After that, this different remembrance is added to the existing memoryD,_,, creating W.
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Js = J(Xs[gs—l' Vl/s] + aj) (2)
M = tanh((Xm[gs—lﬂ Vl/s] + an) 3)
Ds = Ds—les + Ms .s (4)

In this case, the cell phases at times s — 1 and s are denoted by D;_; and Dy, respectively, while the
weight conditions and preconception of the cell state are represented by X and a. The outcome values (g,)in
the last stage are clarified forms of the output cell state(P;). First, the portions of the condition of the cell that
are directed to the output are selected by a log-sigmoid layer. Subsequently, the different values generated by the
tanh layer since the cell state (D) are reproduced by the log-sigmoid gate output(P,), yielding a result that falls
between -1 and 1.

(P) = o(Xslgs—1, Ws] + ap)
()

gs = Pstanh(Dy)

(6)

Here, X,, and a, position for the output gate's weight matrices and preconception, individually. To

accomplish access to the level of the thermal exploratory direction matrix and offer a robust global exploration
capability, FBS-LRN creates trial populations. During the crossover phase, FBS-LRN equip-probably switches
out the matching elements of people in experimental populations and populations using two random crossover
procedures. Moreover, FBS-LRN employs two methods of selection. The first is used to choose an individual
from the previous and present populations, while the second is used to choose the ideal population.

Initialization: Using, FBS-LRN creates primary old population oldp and initial population p.
pj,i~U(low;, up;)
oldp;;~U(low;, up;)
(@)

Where low; and up; denote the lower and upper boundaries of the i*"* measurement, individually, and V is
an arbitrary accidental supply. p;; And oldp;; are the individual features in the testing dimension (C) that fall in

the ith specific point in the population size(M), individually.

Selection I: FBS-LRN's each iteration begins with the selection | process. With populace p and old
populace oldp as inputs, it seeks to reconsider a new oldp for determining the examine path. Using the "if-then"
rule, the new oldp is reselected in, Eq. (8).
ifb < athenoldp:= p|b,a~ V(0,1),

(8)
Where b and a stand for arbitrary numbers between 0 and 1, and: = is the modernized procedure. The

advice process guarantees that BSA has a remembrance. Following the reselection of oldp, the individuals in
oldp are randomly rearranged in order by Eq. (9).

oldP = permuting (oldP)
9)

Mutation: The trial population N's initial form is created using the mutation operator with, Eq. (10).

N=p+E-(oldp —p)
(10)

E is the mutation operator's amplitude control factor, which regulates the search direction's amplitude.
The formula E = 3- rand n, where Nis the standard normal distribution and randn ~ M (0, 1), is used.

880



International Journal of Multiphysics
Volume 18, No. 3, 2024
ISSN: 1750-9548

Crossover: During this procedure, FBS-LRN creates trial population S in its ultimate form. With every
repetition, FBS-LRN equip-probably employs two crossover procedures to alter the individuals' preferred
essentials. Diverse binary integer-valued conditions (maps) of sizes M and C are generated by both procedures
to choose the particular elements that require manipulation.

In Strategy I, the number of individual elements that are changed is controlled by the mix-rate parameter
(mix-rate), somewhere mix — rate = 1. In Strategy Il, Randi(C), where Randi ~ V (0, C), is used to alter
the single randomly chosen element of persons. Using the "if-then" rule, the two techniques are presumably
used to change the elements of individuals: ifmap,,,, = 1, wherem € {1,2,...,M}andn € {1,2,...,C}, then
S is updated withS,, , = p,, ). If any individuals in S have exceeded the permitted search space restrictions
after the crossover procedure.

Selection I1: The performance values in p; and S; is compared in BSA's selection 11 progression, which
updates the population p using a greedy selection method. S; is updated to be p; if its fitness value is higher
than p;. To update the population p, is shown in Eq. (11).

J

(11)

S;, iffitness(S;) < fitness(p;),
p;, else.

The overall minimize will be adjusted to be 0,.,; and the inclusive lowest value to be the ability value
of 0y, best if the best distinct of 0(0,.,;)has an enhanced appropriateness value than the inclusive least value
achieved. Algorithm 1 represents the FBS-LRN model for training the data.

Algorithm 1: FBN-LRN

#define the dataset
Dataset: Electricity load data consisting of 350 sample points
# Scenario Development: Experimental scenarios
Scenario 1:
Training set: First 12 days of 2 weeks
Testing set: 13th and 14th days
Scenario 2:
Training set: First 13 days of 2 weeks
Testing set: 14th day
#Define the LRN model architecture
Initialize LRN model:
Input layer: X, , X, X, (load matrices)
Hidden state: g,_,(previous hidden state)
Cell state: D;_, (previous cell state)
parameters: a,, a;, a,, (biases)
Gates: e, j(forget and input gates)
Layers: Log — sigmoid and tanh layers
#Define the FBS model operations
Initialize the FBS model:
Population initialization: oldp, p
Mutation operation: N = p+ E * (oldp — p)
Crossover operations: Strategy I and Strategy 11
Selection operations: Selection I and Selection I1
#Define the FBS — LRN model training process
Train FBS — LRN model:
Initialize FBS — LRN model parameters
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Iterate over epochs:

Perform selection I and mutation

Perform crossover (Strategy I and Strategy II)

Evaluate fitness using the FBS — LRN model on the dataset
Update population based on fitness values
Output the best — performing model parameters (Opest)

The FBS-LRN model was systematically trained using a structured algorithm that encompassed dataset
definition, scenario creation, LRN model architecture initialization, FBS model operations and training
procedure for both scenarios. The method emphasized optimizing LRN parameters for precise electrical load
prediction through evolutionary algorithm components such as mutation, crossover and selection, demonstrating
a methodical approach to model enhancement.

4. Results

To ensure this FBS-LRN framework'’s forecast accuracy and effectiveness, it is thoroughly assessed
based on several criteria. The research shows that the suggested method outperforms current models in terms of
prediction efficiency and accuracy, facilitating efficient planning for the generation and use of power in the
electrical system.

4.1 Experimental setup
In this section we gathered the data into 2 different parts, one is scenario 1 and the other one is scenario 2.
4.2 Electricity load power collection - Scenario 1

In Scenario 1, the test data are from the 13th and 14th days, which are the electricity load test data, and the
first 12 days, which are the electricity load training data. The comparative models chosen are BS-LRN
(Backtracking Search optimization) and LRN (Log-sigmoid Recurrent Network). Based on training data from
the first 12 days, Fig. 3 shows these models performed in terms of predicting power load over the test data (the
13th and 14th days). The accuracy of each model's forecast is visually compared to the actual power load data
by comparing its forecasts to the latter.
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Fig. 3: Electric power load for Scenario 1

The forecasting findings show that while the FBS-LRN (Proposed), BS-LRN, and LRN models
can all achieve power load predictions, their prediction accuracy varies. Fig. 3 illustrates that the FBS-LRN
model's power load forecasting result is more precise than the BS-LRN models about the real power load value.
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The power load errors for scenario 1 are shown in Fig. 4, which shows the differences between the actual and
anticipated power load values over the test period.
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Fig. 4: Electric power load error for Scenario 1

Fig. 4 shows that, in comparison to the LRN, the error of our suggested model, the FBS-LRN is less and the
error classification is smoother. It is demonstrated that the FBS-LRN model fits the electricity load data

sequences more accurately and the efficacy of the FBS algorithm's progress technique used in this investigation
is confirmed.

4.3 Electricity load power collection - Scenario 2

In scenario 2, the test data are the first 13 days, which are the electricity load training data, and the 14th day,
which is the power load assessment data. The comparative models chosen are BS-LRN and LRN. Fig. 5 shows
the outcomes of the FBS-LRN, BS-LRN, and LRN models.
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Fig. 5: Electric power load for Scenario 2

The results of the forecasting demonstrate that, although the FBS-LRN (Proposed), BS-LRN, and LRN
models can anticipate power loads, the accuracy of those predictions differs. In terms of the actual power load
value, that the electricity load estimating result from the FBS-LRN model is more accurate than the BS-LRN
model. Fig. 6 displays the forecasting errors for the three models in Scenario 2. The proposed FBS-LRN has a
lower error and a smoother error sequence when compared to the LRN. The analysis confirms the effectiveness
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of the FBS algorithm's improvement technique and then illustrates that the FBS-LRN model convulsions the
power load data series more accurately.
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Fig. 6: Electric power load error for Scenario 2
4.4 Comparative Analysis

Here, we evaluate the performance of the proposed FBS-LRN approach with LSTM, Prophet, Hybrid
ARIMA SVM, and hybrid prophet-LSTM [25] approaches, with emphasis on significant performance indicators
including Root Mean Square Error (RMSE), Mean Absolute Error (MAE) and Mean Absolute Percentage Error
(MAPE). Table 1 shows the comparison of the proposed FBS-LRN, including the RMSE, MAE, and MAPE.

Table 1: Comparison of RMSE, MAE, MAPE (%)

Method RMSE MAE MAPE (%)

LSTM [25] 335.43 108.25 3.72

Prophet [25] 471.04 39157 521

Hybrid ARIMA SVM 204.58 184.94 2.47
[25]

hybrid prophet-LSTM 35.79 46.05 0.49
[25]

FBS-LRN (Proposed) 15.24 18.52 0.12

A conventional method for evaluating prediction accuracy is to use RMSE in eq. (2), which calculates
the standard enormity of the error among expected and definite ethics in a forecasting method. Fig. 7 shows the
comparison of RMSE values based on LSTM, Prophet, Hybrid ARIMA SVM, and hybrid prophet-LSTM with
our proposed FBS-LRN. Hybrid Prophet-LSTM reached RMSE of 35.79, and Hybrid ARIMA SVM combined
ARIMA and SVM for an RMSE of 204.58. With an RMSE of 15.24, the suggested FBS-LRN technique exceeds
all others, demonstrating higher accuracy in electrical load prediction. Lower RMSE values indicate lower
prediction errors, demonstrating the efficacy of FBS-LRN in improving forecasting accuracy in contrast to
conventional techniques.

RMSE = /%2;;1(2]- — z))? (12)
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The MAE is a simple metric for evaluating and predicting accuracy since it calculates the average
amount of errors in a series of forecasts without taking into their direction. (See eq. (13)) Fig. 8 shows the
comparison of MAE values based on LSTM, Prophet, Hybrid ARIMA SVM, and hybrid prophet-LSTM with
our proposed FBS-LRN. While Prophet, a specialist forecasting tool, scores an MAE of 391.57, LSTM earns an
MAE of 198.25. With the Hybrid ARIMA SVM method, the MAE is 184.94. By combining Prophet and LSTM,
Hybrid Prophet-LSTM attains a lower MAE of 46.05, demonstrating better accuracy than separate approaches.
Notably, out of all the methods evaluated, the proposed FBS-LRN method gets the lowest MAE of 18.52,
showing higher accuracy in electrical load prediction.
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Fig. 8: Comparison of MAE

By computing the typical absolute alterations concerning the anticipated and concrete values as a
percentage of the actual values, forecasting models can evaluate the accuracy of their forecasts using the MAPE
metric. (See eq. (14)) Fig. 9 shows the comparison of MAPE (%) value based on LSTM, Prophet, Hybrid
ARIMA SVM, and hybrid prophet-LSTM with our proposed FBS-LRN.

MAPE = 2xn_ |25 % 100% (14)
n Z}'
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Fig. 9: Comparison of MAPE (%)

A specialist forecasting technique called Prophet Records has a greater MAPE of 5.21% than LSTM,
which gets a MAPE of 3.72%. The hybrid ARIMA SVM method yields a 2.47% MAPE. In comparison to
individual approaches, Hybrid Prophet-LSTM vyields a reduced MAPE of 0.49%, indicating higher accuracy in
percentage terms. Among the approaches that were compared, the suggested FBS-LRN method notably achieves
the lowest MAPE of 0.12%, indicating higher accuracy in electrical load forecasting. Lower MAPE values show
that load changes may be predicted more accurately, demonstrating the usefulness of FBS-LRN in improving
forecasting accuracy for energy management and utilization applications.

5. Discussion

To improve power load prediction, presenting the Fine-Tuned Backtracking Search-Driven Log-Sigmoid
Recurrent Network (FBS-LRN). The procedure associates an LSTM network turned on by a log-sigmoid
purpose with an optimization algorithm for backtracking explorations. Real-world data from a power plant is
used for comparative study as opposed to traditional approaches, indicating better presentation with the FBS-
LRN reducing the MAPE from 6.8% to 3.2%. Through the assessment of SVM-RBF and ARIMA were
techniques such as MAPE at 5.1% and 8.5% have been achieved. These outcomes highlight the FBS-LRN's
advantage in imprecise load prediction, which is necessary for making informed selections concerning the
invention and distribution of electricity. This approach encourages maintainable thermal load performance while
instantaneously calculating energy efficiency.

6. Conclusion

As the global demand for electricity continues to grow, accurate load forecasting becomes essential for
managing thermal electrical systems effectively. This research introduces a novel framework, the fine- tuned
backtracking search driven log- sigmoid recurrent network (FBS-LRN), designed to enhance electricity load
prediction in thermal. LSTM networks may have their properties improved by integrating an optimization
approach into the FBS-LRN architecture, which especially uses the log-sigmoid function. As LSTM networks
are inherently unpredictable, our method ensures more accurate projections. A dataset of electrical load data that
was split into two training and testing situations was used in the study. In comparison to other models, the FBS-
LRN model performed better in both cases, demonstrating increased efficiency and forecast accuracy. The
suggested model considerably outperformed other techniques, such as LSTM, Prophet, Hybrid ARIMA SVM,
and hybrid Prophet-LSTM, in key performance measures including RMSE (15.24), MAE (18.52) and MAPE
(0.12). The FBS-LRN model's efficacy and viability were validated by the experimental results. Improved grid
management is facilitated by the model's increased forecast accuracy, which facilitates more effective planning
for electricity generation and consumption. The study does concede, though, that a more varied dataset is
required to confirm the model's suitability for a range of real-world situations. Gathering more information will
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demonstrate the FBS-LRN framework's resilience and its potential for widespread use in the field of energy load
forecasting, ultimately assisting in the optimization of thermal power systems. Strengthen the de-blurring
approaches' robustness and practical usability to improve autonomous driving systems' pedestrian identification.
Some of its drawbacks are dependence on artificial datasets, emphasis on conventional measures for evaluating
picture quality, ambiguous implications for computational efficiency, and lack of validation under actual driving
scenarios.
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