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Abstract— Achieving accurate electricity price prediction is
essential for market participants aiming to maximize their profits.
In this respect, forecasting wholesale electricity market price plays
a pivotal role. The advanced nonlinear modeling capabilities of
deep learning networks have shown notable success in forecasting
electricity prices. However, designing such networks, particularly
selecting their optimal hyperparameters, still remains a big
challenge. This paper presents a Modified Sine Algorithm Dung
Beetle Optimization algorithm (MSADBO) as an improved Dung
Beetle Optimization (DBO) algorithm to optimize the
hyperparameters of the Long Short-Term Memory (LSTM)
neural network to handle the electricity price forecasting in the
Italian wholesale market. After optimizing the three most
important hyperparameters of the LSTM using MSADBO, the
efficiency of the model has shown a drastic improvement.
Comparisons with conventional and machine learning-based
approaches show that the LSTM-MSADBO model is highly
precise in predictions with increased robustness and effectively
captures volatility in the electricity market price.

Keywords— Electricity Price Forecasting, Long Short-Term
Memory (LSTM), Hyperparameter Optimization, MSADBO, Italian
Electricity Market, PUN

I. INTRODUCTION

Electricity prices significantly impact on the dynamics of
the electricity market, making accurate electricity price
forecasting essential for stakeholders engaged in competitive
market environments. Various forecasting methods for
electricity prices include statistical models [1] and artificial
intelligence (Al)-based approaches. Statistical techniques
typically involve methods such as exponential smoothing and
time series analysis, with notable examples being the
AutoRegressive Integrated Moving Average (ARIMA) [2],
Generalized AutoRegressive Conditional Heteroskedasticity
(GARCH), and multivariate regression models [3].

Other Al-based approaches, such as Artificial Neural
Networks (ANN) [4], ensemble models [5], Support Vector
Machines (SVM) [6], and meta-heuristic optimization
algorithms [7], show superior performance in capturing
nonlinear patterns of data, thus yielding higher accuracy in the
forecast of electricity prices. Deep learning has emerged as a
prominent area of research, gaining attention for its exceptional
performance across various applications, such as language
modeling [8] and natural language inference [9].

Unlike traditional methods of machine learning, deep neural
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networks have the capability to capture high-order nonlinear
complexities using hierarchical and distributed feature
representation.

Recurrent Neural Network (RNN) is a powerful deep
learning technique designed to handle sequential data,
including applications like audio signals [10] and financial
market data [11]. Long Short-Term Memory (LSTM) networks,
a specialized type of RNN, was initially proposed by Hochreiter
and Schmidhuber [12]. LSTM networks are designed to deal
with vanishing and exploding gradients in the training process
of RNNs. Thus, those are appropriate choices in several
applications, such as predicting electricity prices and load
consumption [13]-[16].

Different methods exist for selecting hyperparameters, trial
and error, optimization, and grid searches. The first approach,
trial and error, may not result in an optimal solution. Thus,
optimizing the hyperparameters is a potential strategy to
enhance the effectiveness of the LSTM models [17].

This study examines the impact of different optimization
methods on LSTM performance and compares the performance
of optimized models with other Al models.

The structure of the paper is outlined as follows: the
forecasting methods and hyperparameter optimization
algorithms are detailed in Section II. Section III describes the
overall framework of the Italian day-ahead electricity market
and outlines the input data used as a case study. A thorough
analysis of the model outcomes and the study's conclusion are
provided in Section IV and Section V, respectively.

I[I. METHODOLOGIES AND PERFORMANCE EVALOUATION
METRICS

Different types of neural networks, including LSTM, have
been widely applied in power system prediction, particularly
electricity price prediction. Tunning their hyperparameters like
the batch size, the number of LSTM units, and learning rate,
may improve their performances. This study investigates and
compares the impact of Grey Wolf Optimization (GWO), Dung
Beetle Optimization (DBO), and MSADBO on the LSTM’s
performance.

A. Long Short-Term Memory (LSTM)
The LSTM network has been designed to handle the



sequential data's long-term pattern and address the vanishing
gradient issue associated with traditional RNNs. In this regard,
LSTM has incorporated a memory cell alongside three gates: 1)
forget gate, 2) input gate and 3) output gate. These gates control
how information flows, allowing the network to determine what
data should be retained, updated, or removed over time. The
key mathematical operations within an LSTM cell are
represented by the following equations [18]:

Forget gate (Eq. (1)): this gate decides how much of the
prior cell state is necessary to retain at the current time step.
h¢_, represents previous output, x,is the current input, and o
denotes the sigmoid activation function.

ft = o(Welhe_q, %] + bf) (D

Input Gate (Egs. (2) and (3)): the input gate decides which
values will update the cell state, while C, is the candidate cell
state calculated using a hyperbolic tangent (tanh) function.

ir = o(Wilhe—q, x] + by) 2
Cy = tanh (We[he—y, %] + bc) (3)

Cell State Update (Eq.(4)): the cell state is updated based on
the forget gate and the input gate, allowing the LSTM to
maintain relevant information over long sequences. C,_,
represents the previous memory cell.

Ce=fe Cooq +ic-C )

Output Gate (Egs. (5) and (6)): the output gate regulates the
hidden output state (h,) that is passed to the next time step and
the final output of the LSTM cell.

o = oc(Wplhe—1, x¢] + bo) Q)
h; = o, - tanh (C;) (6)

In these equations, W and b denote weight matrices and
bias vectors associated with each gate.

The selection of hyperparameters in an LSTM network is
essential for attaining optimal outcomes. Optimization
algorithms such as GWO, DBO, and their enhanced variants,
like MSADBO, are increasingly utilized to systematically fine-
tune these parameters—such as weight matrices, bias vectors,
the number of hidden units, learning rate, batch size, and
dropout rate—thereby improving the effectiveness of the
LSTM model.

B. Grey Wolf Optimization (GWO)

The GWO is a metaheuristic optimization technique
inspired by the cooperative hunting strategies of grey wolves
and the hierarchical organization within their packs [19]. The
leader, or best solution, is represented by the alpha wolf in this
hierarchy, whilst the beta, delta, and omega wolves stand for
inferior options. The fundamental mechanism of GWO is to
update the wolves’ positions relative to the prey’s position,
which is the optimal solution.

This process is mathematically modeled using a set of
equations that simulate the hunting strategy of grey wolves
[20]:

|C-X,() = X(®)] @)

Xt+1)=X,)+A-D ®)

where D is the distance between the prey's position )?p ®
and the wolf’s current position X ®). A and C are coefficient
vectors that control the movement of wolves, dynamically

adjusted in each iteration. The coefficients A and C are defined
as follows:

A=2d-%-d C=2-% ©)

where d is linearly reduced from 2 to 0 over iterations, 7
and 7, are random vectors in the range [0, 1].

Dynamic adjustment of the search space in the GWO
algorithm makes it an appropriate algorithm to optimize
complex tasks, e.g., hyperparameter tuning in neural networks.

C. Dung Beetle Optimization (DBO)

The DBO algorithm is designed based on dung beetles’
behavior. The behavior involves rolling, dancing, foraging,
breeding, and stealing [21]. This algorithm consists of a colony
with three kinds of dung beetles: rolling Dung Beetles (DBs),
breeding DBs, and stealing DBs. The updating process of the
position of a rolling dung beetle can be described as [22]:

yit+ D =y;®) +cx Ay +puxkxy;(t—1) (10)
Here, Ay = | yi(t) — onrstl , where t represents the
number of iterations, and y;(t) is the position of the j-¢4 rolling
DB at iteration t. The parameter k denotes the deflection
coefficient, and c is a constant between (0, 1). The variable p is
either -1 or 1, indicating the direction of the position update.

Breeding DBs utilize a bounded region to spawn new positions.
The boundaries for this process are:

H* = min (Y* x (1= 5),H) (11)
L~ =max (Y"x (1-5),L) (12)

where, Y represents the current locally optimal position,
while S is a factor adjusting the boundary. H* and L~ denote
the upper and lower bounds, respectively.

The position of the j-th breeding DB at #-th iteration is given
by:

G+ =Y"+¢ x () —L7) +c, X (Ci(t) — HY) (13)

In this equation, c¢; and ¢, are independent random vectors
that aid in exploring the search space.

The boundaries of the feeding area for small DBs are
defined as:

H? = min (Y* x (1 —S),H) (14)
LP = max (Y* x (1 —15),L) (15)

The location of the j-th small DB at the ¢4 iteration is
calculated as:

yi(t+1) = y;(8) + Dy X (y;(£) — IP) + D, x (y;(t) — H) (16)

where D; is a normally distributed random variable, and D,
is a random vector.

The stealing behavior, involving a thieving DB, is described



as:

yi(t+1) =Y>+Sxmx (|y;(t) - v

+ |y (0 - YP) 17

In this case, m is a random vector following a normal
distribution, and S is constant.

D. Modified Sine Algorithm Dung Beetle Optimization
(MSADBO)

The MSADBO algorithm was introduced to address some
limitations of the DBO algorithm, such as its tendency to get
stuck in local optima. MSADBO integrates Bernoulli mapping,
an enhanced Modified Sine Algorithm (MSA), and a Gaussian-
Cauchy perturbation strategy [23].

In MSADBO, Bernoulli mapping is utilized for initializing
the location of the DB individuals. The mapping formula is
given by [22]:

(x/(1=6), 0<x,<1-6
et = {xn(l —8)/5, 1-6<x,<1 (18)

Here, & is a parameter in the interval (0,1) that introduces
chaotic behavior into the initialization process.

The MSADBO algorithm adopts the MSA to ensure robust
global exploration. The iterative update equation for the MSA
is given as:

Yt +1) = ¢, y;(0) + g1 X sin (g,) X [g3q,; () — x;(0)] 19)

where g is:

_ Pmax — Pmin

91 = 2

(T[t) + Pmax + Pmin (20)

T 2
Where @i, and @nq, represent the minimum and

maximum values of ¢;, respectively, and ¢, is defined as:

t

Ot = Omax — (Pmax — Pmin) X T_ 21
m

The MSADBO algorithm incorporates the improved
location update scheme as:

yi(®) +c XAy +puxkxy;(t—1),

y<n
. 1) = 22
HEFD =600+ g, xsinGg) x (10,0 -5 @),
y=n
where y = rand (1), and n is a threshold.
MSADBO utilizes an adaptive Gaussian-Cauchy

perturbation approach to broaden the search space. The
perturbation strategy is defined as:

UP(t) = YP(t) + (1 + 14 X G(0) + 7, X Ca(o)) (23)

Here, G(o) and Ca(c) denote Gaussian and Cauchy
operators. The greedy rule for updating the population is:

vh = {U*’(t), FWP®) < FrP ()

VA ON otherwise

E. MSADBO-LSTM Model Process

The flowchart in Fig. 1 outlines the complete MSADBO-
LSTM model process. Based on this flowchart, the MSADBO-
LSTM model begins by defining the objective function and
setting essential parameters. Next, it initializes the dung beetles'
positions using a chaotic mapping technique based on Bernoulli

24

distribution. The algorithm checks the convergence condition
(9) and, if converged, adjusts the rolling beetle’s position based
on the MSA equation. Otherwise, their positions are updated by
using the DBO algorithm. In the next step, the positions of
breeding beetles, small beetles, and stealing beetles are
adjusted. The algorithm wutilizes a Gaussian-Cauchy
perturbation technique to adjust the current optimal solution
and explore new potential candidates. The next step is
identifying the optimal solutions by recomputing the fitness of
each beetle. Then, the algorithm applies a Gaussian-Cauchy
perturbation approach to perturb the current optimal solution
and find new candidates. Next, a greedy algorithm is employed
to decide whether the newly perturbed positions should replace
the old ones. The final hyperparameters of the LSTM network
are optimized and presented at the conclusion of the iterative
process, which continues until reaching the predefined
maximum number of iterations.

Establish the Objective Function and
Initialize Parameters

L 2
Set Initial Dung Beetle Positions Using
Chaotic Bernoulli Mapping
v

| Evaluate Fitness for Each Dung Beetle |

No

Adjust Rolling Beetle Positions
According to MSA Equations
T

Yes

Modify Rolling Beetle Positions
Using Standard DBO Equation
T

12

Update Breeding Beetles, Small Beetles, and
Thieving Beetles' Positions

Verify the Position Boundaries for Each
Dung Beetle

Solutions

Apply the Gaussian-Cauchy Mutation
Strategy for Position Perturbation

Decide Position Updates Using the Greedy
Mechanism

| Compute the Fitness to Identify Optimal |

Output Optimal Hyperparameters for the
LSTM Model

Fig. 1. Flowchart of the MSADBO-LSTM Model

F. Performance Evaluation Metrics

Numerous metrics have been introduced to evaluate the
effectiveness of forecasting models. An analysis of key
research highlights that the Mean Absolute Percentage Error
(MAPE) and Mean Absolute Error (MAE) are among the most
widely utilized indicators [24], [25]. Additionally, to compare
our results with those in [26], we employed the Pearson
correlation coefficient (R) as an evaluation metric. Equations
(25), (26) and (27) define MAE, R, and MAPE, respectively [6].

n
1
MAE =;Z|xf—yj| 25)
Jj=1
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R =
Jz;-;l(x,» — %2 Jz;-;l(y,» — 5)? (26)
ANy
MAPE = ;Z - 27)

=1

where x; indicates the actual value, y; refers to the predicted

value, X represents the average of the actual values, ydenotes

the average of the predicted values, and » signifies the total
number of records.

III. INPUT DATA AND SETTINGS

A short overview of the Italian day-ahead market is
provided in this section. Comprehensive details about the
dataset are available in reference [26]. To ensure consistency
with prior research [26], this study uses the same dataset from
the same period (2017-2020) for performance comparison.

The Italian day-ahead market (MGP) enables participants to
submit bids and offers within a timeframe starting from the
ninth day prior to the day of physical delivery until the day
before delivery [27].

The National Single Price (PUN) in the MGP is determined
as the weighted average of zonal prices, considering all
transactions except those related to pumped-storage units and
imports from neighboring countries’ zones [27], [28].
Numerous factors affect the wholesale electricity price. For this
analysis, relevant public data was selected based on a
comprehensive literature review [29], [30]. The variables used
for predicting PUN are outlined in TABLE 1. The dataset
includes data on electricity consumption, electricity prices, and
natural gas (NG) prices, sourced from Gestore dei Mercati
Energetici (GME) for the years 2017, 2018, 2019, and 2020
[27] on an hourly basis, except NG prices, which are recorded
daily. Except for 2020, which had an extra day as a leap year
and totaled 8,784 hours, each year has 8,760 hours. In total,
35,064 hourly observations were recorded during the study
period (2017-2020). Peak hours refer to 8 am to 8 pm on
weekdays, while off-peak hours include weekends and
weekday hours outside this range [27].

TABLE 1: FEATURES AND CORRESPONDING UNITS FOR PUN
FORECASTING

Features Units

Time-related features
Hour of the Day Values ranging from 1 to 24
Hour Category (Peak/Off-Peak) 0(Peak), 1(Off-Peak)
Day of the Week 1 (Sunday) to 7 (Saturday)
Day Category O(weekday) 1(weekend)
Season Indicator 1 (Winter) to 4 (Fall)
Load Consumption

Predicted Load Consumption MW
Load at Same Hour on Prior Day MW
Load at Same Hour One Week Prior MW
Average Load of Previous 24 Hours MW
Day-Ahead Electricity Price
Price at Same Hour on Prior Day €/MWh
Price at Same Hour One Week Prior €/MWh
Average Price of Previous 24 Hours €/MWh
Natural Gas (NG) Price
NG Price on Previous Day €/MWh
Average NG Price Previous Week €/MWh

TABLE 2 provides an overview of the statistical summary for
the annual load and price over the four-year period. The table
reveals a downward trend in load after 2018, which corresponds
to a declining trend in PUN.

The dataset was divided into training, validation, and testing
subsets using the holdout strategy. Specifically, 75% of the data
was allocated to training and validation, while the remaining
25% was set aside for testing (Fig. 2). The period from January
1, 2017, to December 31, 2019, was used for training and
validation, and the entire year of 2020 was designated as the
testing set [31].

TABLE 2: STATISTICAL SUMMARY FOR THE ANNUAL LOAD CONSUMPTION

AND PRICE (2017-2020) [27], [32]

Year 2017 2018 2019 2020
Max 50333 52412 53824 49964
2<| Min 17212 17610 17014 15334
SZ| Mean 33271 33934 33579 31102
Std 7568 7555 7731 7449
| Max 170 159.4 108.4 162.6
z £| Min 10 6.97 1 0
22| Mean 53.95 61.31 52.32 38.91
=| s 16.46 14.84 12.68 14.65
s <104 Load Profile (2017-2020)
4 i
s \
=

1 I L I L I |
Jan 2017 Jul 2017 Jan 2018 Jul 2018 Jan 2019 Jul 2019 Jan 2020 Jul 2020 Jan 2021
Daily Gas Price

60

401

20 ww

0 I I I I I I I |
Jan 2017 Jul 2017 Jan 2018 Jul 2018 Jan 2019 Jul 2019 Jan 2020 Jul 2020 Jan 2021

[E/MWh]

Electricity Price

0 L f L L L f L ]
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Time

Train and validation sets Test set

Fig. 2. Electricity consumption, PUN and Natural gas price, 2017-2020

IV. DISCUSSION ON THE RESULTS

This study investigates the effects of optimization
algorithms, including GWO, DBO, and MSADBO, on the
performance of the LSTM model in predicting the wholesale
electricity market price in Italy. Furthermore, the prediction
accuracy of the LSTM, as a deep learning approach, is
compared with other machine learning models such as SVM-
Linear, Multilayer Perceptron (MLP), Gaussian Process
Regression (GPR), and Bagged Trees, as reported in [26].

TABLE 3 presents a comparative analysis of predictive
models based on metrics such as MAE, R, and MAPE. The
value of each index in this table represents the average of the
calculated metrics in the test set period (8784 hours/year 2020).



As seen in this table, the LSTM model without optimizing
the hyperparameters has an MAE of 4.085 and a MAPE of
16.095%, with a correlation coefficient (R) of 0.937. The
performance of the LSTM model is significantly enhanced after
optimizing the LSTM hyperparameter with DBO optimization,
i.e., the MAE decreases to 3.863, and MAPE decreases to
14.467% while slightly increasing R to 0.939. The efficiency of
the LSTM model is further improved by the GWO algorithm,
which reduces the MAE to 3.731 and the MAPE to 14.835%.

The best results across different methods are highlighted in
green, indicating that LSTM-MSADBO achieves the lowest
MAE (3.699) and MAPE (14.074%), demonstrating superior
accuracy in electricity price prediction. Additionally, LSTM-
MSADBO and SVM-Linear attain the highest correlation
coefficient (R = 0.941), signifying strong alignment between
the forecasted and observed values.

TABLE 3: COMPARISON OF THE VARIOUS PREDICTIVE MODELS

Current study
LSTM LSTM LSTM
LST™M DBO GWO  MSADBO
MAE 4.085 3.863 3.731 3.699
R 0.937 0.939 0.939 0.941
MAPE (%) 16.095 14.467 14.835 14.074
Reference [26]
SVM GPR Bagged
Linear WL (5 5% M.5/2 Tress 40
MAE 3.769 3.873 4.305 5.255
R 0.941 0.931 0.934 0.906
MAPE (%) 15.833 16.308 15.979 24.947

The LSTM-MSADBO model was retrained using the best
set of hyperparameters, achieving a learning rate of
approximately 0.0011, with 10 neurons in the hidden layer and
an L2 regularization value of 1e-06 (TABLE 4).

TABLE 4: BEST SET OF HYPERPARAMETERS, LSTM-MSADBO

learning rate DTG G Lz Batch size
Neurons Regularization
0.0011 10 le-06 8

Fig. 3 compares electricity price predictions from various
models against actual prices on December 20th, 2020 (as a
sample day). The current study's methods are compared with
the overall best prediction method from reference [26], SVM-
Linear. Remarkably, the LSTM-MSADBO model, red curve,
closely follows the electricity price trend and appropriately
predicts the actual price in the peak hours and captures
corresponding volatilities. In this figure, the period in which the
LSTM-MSADBO model outperforms other models is
magnified for better visualization.

Fig. 4 uses separated box plots to highlight the MAE index
distribution across several forecasting models, namely SVM,
Bagged Tree (B-Trees), GPR, MLP, LSTM, and LSTM
optimized by DBO, GWO, and MSADBO. The MSADBO-
LSTM model outperforms the other models, evidenced by its
lowest average MAE value of 3.699. While traditional
approaches such as SVM, B-Trees, and GPR exhibit higher
error distributions, deep learning methods like LSTM with
DBO and GWO optimizations show relatively lower MAE
values. As seen in this figure, the performance of the LSTM

model improves gradually by applying optimization algorithms
and significantly reducing MAE.

Fig. 5 compares the monthly MAE between two forecasting
models: SVM and LSTM-MSADBO. SVM model monthly
performance shows noticeable variability in error rates across
the year, with higher MAE values, particularly in September,
October, and November. In contrast, the LSTM-MSADBO
model’s consistent and lower error distribution across all
months indicates improved predictive stability.
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V. CONCLUSION

The MSADBO optimization effectively enhances the
forecasting accuracy of LSTM neural networks for wholesale
electricity price predictions in the Italian market. The results
demonstrate  that advanced optimization algorithms
significantly improve LSTM performance, with progressive
gains achieved through DBO, GWO, and ultimately,
MSADBO. Notably, the LSTM-MSADBO model consistently
outperforms traditional and machine learning-based
approaches, achieving the lowest MAE and MAPE, along with
a high correlation coefficient (R).

Moreover, the model's ability to closely track actual price
trends, capture market volatility, and maintain low error
variability across different timeframes highlights its robustness
and reliability. These findings emphasize the potential of the
LSTM-MSADBO approach as a valuable tool for market
participants, enabling them to make informed, profit-
maximizing decisions based on accurate electricity price
forecasts.
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