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Abstract

With the growing energy demand and the increasing intelligence of power systems,
accurate electricity load forecasting is crucial for grid scheduling and energy
management. In recent years, deep learning methods have made significant progress
in time series forecasting, with Transformer and LSTM structures gaining attention for
their powerful sequence modeling capabilities. Therefore, this study proposes three
different combinations of LSTM and Transformer: (1) Parallel Fusion Model ; (2) LSTM-
Transformer; and (3) Transformer-LSTM. Additionally, the Particle Swarm Optimization
(PSO) algorithm is employed to optimize the model hyperparameters. The experimental
dataset consists of hourly electricity consumption data from Romania, and multi-step
forecasting is performed based on the Nonlinear AutoRegressive with Exogenous inputs
(NARX) model. The predictive performance of these three hybrid models is compared
with traditional machine learning models. The experimental results show that different
combinations exhibit varying performances in short-term, mid-term, and long-term
forecasting tasks. Specifically, the LSTM-Transformer model performs better in mid-term
forecasting, while the Transformer-LSTM model excels in long-term forecasting.Since
this study compares hybrid models for multi-step electricity load forecasting in a specific
country, it can reveal the effectiveness at different time scales. This provides new insights
for electricity load forecasting and offers valuable references for subsequent research and
practical applications.
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1 Introduction

With the rapid development of the social economy, the power system plays a vital role in
energy supply. Accurate electricity consumption forecasting is of great significance for the
stable operation of power systems, optimal resource allocation, and energy conservation and
emission reduction. However, electricity consumption is affected by various complex factors,
such as weather conditions and social activities. Its time series exhibits characteristics of
nonlinearity, strong correlation, and dynamic variation [1], which poses great challenges to
accurate forecasting.

Electricity consumption forecasting methods can be mainly categorized into four types: traditional
statistical methods, machine learning methods, deep learning methods, and hybrid models.
Traditional statistical methods, such as time series analysis (ARIMA, SARIMA) and regression
analysis, were among the earliest approaches applied to electricity consumption forecasting.
The ARIMA model was proposed by Box and Jenkins [2] in 1970 and is suitable for handling
linear and stationary or difference-stationary time series. However, it shows limited performance
when dealing with long-term dependencies and nonlinear fluctuations. The SARIMA model
further introduces seasonal differencing and is suitable for data with prominent seasonal patterns
[3]- Ranjan and Jain [4] developed a multiple linear regression model for seasonal energy
consumption and analyzed the electricity consumption patterns in Delhi during the period from
1984 to 1993. Traditional statistical models are simple and easy to implement, and they require
relatively small amounts of data, making them suitable for linear and static datasets [5]. However,
they struggle to capture complex features when dealing with nonlinear relationships and long-
sequence data.

Machine learning models have been widely applied to electricity consumption forecasting due
to their ability to capture nonlinear relationships and handle large, complex datasets. Drucker
et al. [6] proposed Support Vector Regression (SVR), which is suitable for nonlinear regression
problems but is limited by the choice of kernel functions. Breiman et al. [7] introduced Random
Forest, and Chen et al. [8] proposed XGBoost, both of which leverage ensemble learning
techniques to enhance model generalization and robustness. Compared to traditional statistical
methods, machine learning models are better at handling nonlinear relationships; however, they
still show limitations in long-term forecasting. Grandon et al. [9] proposed a novel hybrid method
that combines ARIMA and LSTM to forecast hourly electricity consumption in Ukraine, achieving
higher predictive accuracy than models based solely on machine learning techniques.

The LSTM network proposed by Hochreiter and Schmidhuber [10] addresses the vanishing
gradient problem in RNNs through a gating mechanism, making it suitable for capturing long-
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term dependencies. Cho et al. [11] introduced the GRU, which simplifies the parameter structure
and accelerates model training. Cai et al. [12] applied LSTM to electricity load forecasting tasks
and achieved promising results. Convolutional Neural Networks (CNNs) have also been used
to capture spatial and temporal features in electricity consumption data, and their hybrid models
with LSTM have further improved prediction performance [13]. The Transformer model, initially
proposed by Vaswani et al. [14], employs a self-attention mechanism that effectively handles
dependencies across long sequences. Researchers such as Li et al. [15], Zhou et al. [16], and
Wu et al. [17] have applied Transformer models to various time series forecasting tasks, achieving
remarkable results. Methods like Wen et al.’s [18] Seq2Seq and Smyl et al.s [19] RNN combined
with smoothing techniques have further expanded the representational capacity of deep models.
Although deep learning models effectively handle long-term dependencies in sequential data,
they require large amounts of training data, involve high model complexity, and have relatively
long training times.

As the performance improvements from single models have plateaued, researchers have begun
exploring ways to organize and combine models. Borovykh et al. [20] constructed a CNN-
LSTM architecture to capture both local and global features; Lai et al. [21] combined CNN and
RNN to capture features at different temporal scales; Lim et al. [22] proposed the Temporal
Fusion Transformer (TFT) model, which integrates LSTM and Transformer architectures to
enhance interpretability and predictive performance. Another study introduced an optimized
LSTM-Transformer hybrid model for electricity load forecasting, which leverages LSTM’s ability to
handle sequential data along with the Transformer’s self-attention mechanism, resulting in more
accurate multi-step ahead electricity consumption predictions [23]. Khashei et al. [24] explored
the combination of ARIMA and neural networks, validating the effectiveness of hybrid models
across various tasks. Hybrid models are capable of integrating the strengths of different model
types, offering stronger generalization and accuracy in multi-pattern time series forecasting.

Although both LSTM and Transformer models have been widely applied in time series modeling,
there is still a lack of systematic comparative studies on their combinations in the field of electricity
load forecasting. Currently, no comprehensive research has clearly revealed the performance
differences and adaptability issues of different hybrid structures in electricity forecasting scenarios.
Therefore, this paper builds hybrid models based on LSTM and Transformer using three different
combination strategies and conducts a detailed comparison of their predictive performance
against models such as Random Forest, XGBoost, and MLP across forecasting tasks at different
time scales. The goal is to provide effective solutions for electricity consumption forecasting in
power systems and to strongly support the intelligent development of the power industry.

The remainder of this paper is organized as follows: Section 2 introduces the main model
structures.Section 3 describes the use of the Particle Swarm Optimization (PSO) algorithm for
model hyperparameter optimization.Section 4 presents a case study on electricity consumption
forecasting.Section 5 provides the conclusion.
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2 Research methods

2.1 LSTM model

LSTM(Figure 1) is a deep learning model commonly used for processing sequential data. Building
upon the foundation of RNN, it introduces memory cells to mitigate the vanishing gradient problem.
Through memory cells and gating mechanisms, LSTM can better address long-term dependency
issues, demonstrating outstanding performance in various time series prediction tasks. The gating
mechanism of LSTM primarily consists of three parts: the forget gate, the input gate, and the
output gate.

fi=0Wgpay + Whphio1 + Wep o1 +by), (2.1)
iy =0 (Waixy + Whihe—1 + Wejo o1 + b;) (2.2)

¢t = froci—1 + iy o tanh (Woexy + Wiehi—1 + be) (2.3)
or = 0 (Wayott + Wiohi—1 + Weo 0 et + by) (2.4)

ht = o o tanh (¢¢) , (2.5)

where f; represents the activation value of the forget gate, i, represents the activation value of
the input gate, ¢; denotes the cell state, o; indicates the activation value of the output gate,h;
represents the hidden layer state.

Figure 1. Structure of the LSTM

The forget gate maps values to a range between 0 and 1 through the ofunction, thereby
determining whether to forget or retain information from the current time step and the previous
hidden state. The input gate decides which new information is added to the cell state using the
tanh activation function. Finally, the output gate generates the new hidden state.

Compared to traditional RNNs, LSTM offers several notable advantages:

+ Mitigation of the vanishing gradient problem: By maintaining a more stable flow of gradients
during backpropagation through time, LSTM is capable of learning long-term dependencies
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that standard RNNs struggle with.

» Selective memory: The gating mechanisms allow LSTM to selectively remember or forget
information, making it well-suited for sequences where important information may occur
after many time steps.

» Robust performance in practice: LSTM has been successfully applied to a wide range of
tasks, including speech recognition, language modeling, financial forecasting, and other
time series prediction problems.

Due to these strengths, LSTM is often the model of choice when dealing with complex sequential
data, particularly where capturing long-term temporal patterns is critical.

2.2 Transformer Model

The Transformer model is a deep learning architecture based on the self-attention mechanism,
proposed by Vaswani [14] et al. in 2017, initially designed for text translation tasks. It consists
mainly of two components: the Encoder and the Decoder. The Encoder is composed of multiple
encoder layers, each including Multi-Head Self-Attention, Feedforward Neural Network (FNN),
Residual Connection, and Layer Normalization, which are used to extract input features. The
Decoder, built upon the Encoder, additionally introduces Masked Multi-Head Self-Attention to
prevent information leakage from future positions and employs Encoder-Decoder Attention to
generate the target sequence.

The computation of the self-attention mechanism relies on the Query (Q), Key (K), and Value (V)
vectors, which are obtained through linear transformations of the input and are used to calculate
attention weights. The @ vector represents the query at the current input position and matches
with the K vectors to measure the similarity between different positions. The K vector encodes
the information at each position, while the V' vector contains the actual content, which is used
to generate the model’s output through a weighted sum.The computation formula for the self-
attention mechanism is as follows:

. QK™
Attention(Q, K, V') = softmax () v, (2.6)
vy

here, d;, represents the dimension of the K vector, and /dj, is used to prevent the dot product
results from becoming too large. Then, a Softmax function is applied to normalize the dot product
results, producing attention weights for each position. These weights are then used to compute a
weighted sum of the V' vectors, resulting in a new representation for each input position.

To capture more features, Transformer commonly employs a multi-head attention mechanism,
where each head independently computes its own @, K, and V projections. The outputs from
all heads are then concatenated and passed through a final linear transformation to produce the
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final output. The corresponding expression is as follows:
Multihead(@, K, V) = Concat(head;, heads, ..., head; )W, (2.7)

where W is the trainable parameter.The feedforward network performs a nonlinear mapping on
the output of the attention mechanism:

FFN(X) = max(O, XW1 + bl)WQ + bg. (28)

Compared with traditional recurrent neural networks (such as RNNs and LSTMs), Transformer
models offer several significant advantages:

+ Strong parallel computing capability: Transformer allows simultaneous computation across
all positions, greatly improving training efficiency, especially suitable for large-scale data
training.

+ Better long-term dependency modeling: The self-attention mechanism can directly capture
dependencies between any two positions, unlike RNNs that rely on sequential processing,
thus avoiding long-term dependency issues.

+ Dynamic attention mechanism: The model can dynamically allocate attention weights
based on the input sequence, enabling it to focus on the most relevant information.

Thanks to these advantages, Transformer and its variants have become important architectures
in deep learning.

2.3 NARX model

The NARX model, proposed by Billings et al. [25], is a structure suitable for nonlinear time
series modeling.lts core idea is that the output at the current time step is determined by a
series of past outputs (the autoregressive part) and external inputs (exogenous inputs). In time
series forecasting tasks, the NARX model incorporates lag terms to capture the dynamic features
and long-term dependencies of the data, thereby improving prediction accuracy. There are two
common structures of the NARX model: the series-parallel structure and the parallel structure.
The series-parallel structure uses actual historical values as input, while the parallel structure
uses the model’s own predicted values from the previous time step as part of the input for the next
step. This creates a feedback loop between inputs and outputs, enabling multi-step forecasting.
In this study, the NARX model adopts the parallel structure.lts mathematical formulation is as
follows:

gt)=f @t —-1),5(t—-2),...,5(t—n), z(t—1),z(t —2),...,2(t —m)), (2.9)
where §(t) denotes the predicted output at time ¢,5(¢t — 1),9(t — 2),...,9(t — n) represent the
predicted outputs from the previous n time steps,xz(t — 1), x(t — 2),...,2(t — m) represent the
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exogenous inputs from the previous m time steps, f(-) is a nonlinear mapping function learned by
the model,n and m represent the number of lags for the output and input.

2.4 Combination Models of LSTM and Transformer

LSTM, due to its unique gating mechanism, can capture information embedded in long time
series and is therefore widely used in time series forecasting tasks. Transformer, thanks to its
self-attention mechanism, can simultaneously focus on different positions in the input sequence,
allowing it to better capture long-term dependencies in time series. Moreover, unlike LSTM, it is
not affected by the sequential processing of different time steps. In this paper, we combine the
two models to explore the performance of the hybrid model across different tasks.

+ Parallel Fusion Model
The data is simultaneously fed into both the LSTM and Transformer models, allowing them
to extract features in parallel. Through feature fusion, the features from the last time step
of each model are concatenated and then passed through a fully connected layer to obtain
the final prediction result. The model structure is shown in Figure 2(a).

* LSTM-Transformer
First, the LSTM processes the input sequence by updating different hidden states to
effectively capture long-term dependencies. The output of the LSTM is then used as the
input to the Transformer encoder, which helps alleviate the issue of redundant input in the
Transformer and further enhances the ability to extract data features.The model structure
is shown in Figure 2(b).

Transformer-LSTM

On the basis of the Transformer model, the output of the Transformer decoder is fed into
the LSTM model. Then, the gating mechanism of the LSTM is used to selectively retain
relevant information. This helps the model better understand and remember long-term
dependencies in the sequence, thereby achieving more accurate predictions.The model
structure is shown in Figure 2(c).

3 Hyperparameter optimization using Particle
Swarm Optimization

To enhance the accuracy of the predictive model, optimizing the model’s hyperparameters is
crucial. Among various error metrics, the Mean Absolute Percentage Error (MAPE) is chosen
as the standard for evaluating the model’s predictive performance in this study due to its excellent
interpretability. MAPE can intuitively reflect the deviation between predicted and actual values in
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Figure 2. Model Architecture Diagram

percentage form, which facilitates understanding and comparing the predictive effects of different
models. In this study, we divide the dataset into a training set, a validation set, and a test set, and
calculate the MAPE for each to assess the model’s predictive accuracy at different stages. The
specific calculation method is as follows:

Yt — Gt

Yt

MAPEy = %Z x 100%, (3.1)

t=1

1 n+s
MAPE,4ig = —
valid s Z

t=n

Yt — Ui

Yt

x 100%, (3.2)

1 n+s+p
MAPEpes =~ Y

t=n-+s

Yt 79 100%. (3.3)
Yt

To minimize the MAPE, this study employs the Particle Swarm Optimization (PSO) algorithm to
adjust the model parameters, thereby enhancing the accuracy of predictions. PSO is a heuristic
global optimization method and a population-based intelligence algorithm. It was proposed in
1995 by Eberhart and Kennedy [26] while studying the movement behavior of birds and fish
schools. PSO simulates birds in a flock using massless particles, each characterized by two
attributes: velocity and position. Velocity represents the speed of movement, while position
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indicates the direction of movement. The core idea is that during the search process, each particle
keeps track of its own best-found solution, referred to as the personal best. The best among all
personal bests is treated as the global best for the entire swarm. Then, each particle updates its
velocity and position based on its personal best (pbest) and the global best(gbest). The update
formulas for velocity and position are as follows:

vi(t+ 1) =w-vi(t) +c1-r1 - (pbest; — x;(t)) + c2 - ro - (gbest; — x;(t)), (3.4)

zi(t+1) =z;(t) +vi(t + 1), (3.5)

here, v;(t) and z;(t) represent the velocity and position of the particle at time ¢, respectively.
r1 and ro are random numbers uniformly distributed in the range [0, 1]. ¢; and ¢, are learning
factors. pbest; denotes the personal best position of the particle, while gbest; represents the
global best position found by the entire swarm.PSO is widely used in optimization problems due
to its simplicity, ease of implementation, and strong global search capabilities.
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Algorithm 1: Hyperparameter Optimization using PSO for MAPE

Minimization

Input: Objective function f (MAPE_valid), parameter dimension n, bounds [Ib, ub],
parameter names P

Output: Best loss fpest, best parameters ppest, best model modelpest

Set maximum iterations T' < 100;

Set number of particles N <+ 40;

Initialize positions X; ~ U(lb,ub),i=1,...,N;

Initialize velocities V; ~ U(-1,1);

// Assuming velocity is scaled within [-1, 1]

B W N =

5 Set personal best pbest; «— X; and evaluate fppest, < f(pbest;);
6 Set global best gbest < argmin; fppest, ;
7 fort=1to T do
8 fori=1to N do
9 Sample ry,rs ~ U(0,1);
10 Update velocity: V; < wV; + ¢1r1 (pbest; — X;) + cara(gbest — X;);
11 Update position: X; « X; + V;;
12 Clip position: X; « clip(X;, ib, ub);
13 foreach integer parameter p; in P do
14 ‘ X ; < round(X; ;);
15 end
16 Evaluate fitness: f; < f(X;);
17 if fi < fpbest; then
18 pbest; +— X;;
19 fovest; < fis
20 end
21 end
22 Update global best: gbest < arg min; fppest;;
23 Joest <= min; fppest, ;
24 end

25 Retrieve best model modelpest cOrresponding to gbest;
26 return fpest, gbest, modelpest;

Algorithm 1 outlines the process of optimizing model parameters using PSO, and this algorithm is
implemented in Python.

10
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4 Applications in  Electricity  Consumption
Forecasting

Accurately forecasting electricity consumption in Romania is of great significance for ensuring
the stability of the country’s energy market, optimizing the allocation of power resources,
and supporting sustainable economic development. With the continuous growth of Romania’s
economy and the advancement of its energy transition, changes in electricity demand directly
affect power system planning and operation, energy policy formulation, and the integration of
renewable energy sources. Moreover, as a member state of the European Union, Romania’s
electricity market plays a vital role not only domestically but also in regional energy cooperation.
Therefore, in-depth analysis of Romania’s electricity consumption trends can provide valuable
decision-making support for policymakers, energy companies, and investors, contributing to
Romania’s goals of energy security and sustainable development.

4.1 Data Preprocessing

To achieve accurate forecasting of electricity consumption in Romania, this study collected and
organized hourly electricity consumption data from February to March 2024. The dataset is
sourced from an open dataset on Kaggle, which can be accessed at: .In the experiment,
considering that different input features may vary in scale, we applied Min-Max normalization
to scale the data into the range [0, 1] before feeding it into the models. The normalization formula
is as follows:

Znorm = % (4.1)
where z is the original value, i, and z.,,.x are the minimum and maximum values in the dataset,
and znom is the normalized value.

4.2 Evaluation Metrics

In this study, we selected the MAPE as the primary evaluation metric. MAPE effectively
measures the relative error between predicted and actual values and offers strong interpretability,
as its percentage-based form facilitates the comparison of predictive performance across
different models. In tasks involving multi-model comparisons and multi-time-scale forecasting,
MAPE clearly reveals the stability and generalization ability of models under various scenarios.
Therefore, this study adopts MAPE as the core evaluation criterion to assess the predictive
performance of each model on both the training and testing sets.lts calculation formula is as
follows:

n

MAPE = % Z
t=1

Yt — Gt

Yt

x 100%, (4.2)

11
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where y; denotes the true value, §; denotes the predicted value, and n represents the number of
samples.

4.3 Experimental Settings

We applied PSO to optimize the hyperparameters of ten models mentioned above: Parallel Fusion
Model, LSTM-Transformer, Transformer-LSTM, Random Forest (RF), LightGBM (LGB), XGBoost
(XGB), MLP, BiLSTM, and LSTM. During the optimization process, we recorded the changes
in MAPE values on both the training and validation sets across iterations. The MAPE is used
to measure the deviation between the predicted and actual values, helping to evaluate whether
the model successfully learns the data features. Furthermore, we conducted three-step-ahead
forecasting using the NARX model with lag operators set to 6, 8, 10, 12, 14, and 16, respectively.
This analysis allows us to explore the model's forecasting performance across different time
scales—short-term, mid-term, and long-term.

4.4 Forecasting Results and Analysis

In short-term time series forecasting tasks, Figure 3 shows the prediction results of various models
on the test set when the lag order is set to 6, and Table 1 provides the corresponding MAPE. In
Figure 9(a), the fitting performance of the models on the training set is compared, where LGB
and Transformer-LSTM show good fitting performance. However, during the prediction phase,
the LSTM-Transformer achieves the highest prediction accuracy in the first step with a MAPE of
2.2408%. In the second step of prediction, the Transformer and LSTM-Transformer reach errors
of 4.2545% and 4.4285%, respectively, demonstrating excellent performance, indicating strong
generalization capability of the models. Traditional models such as LGB and RF have relatively
higher errors at this stage. After entering the third step of prediction, the Transformer still slightly
outperforms other models with a MAPE of 6.1512%, showing its stability and robustness in multi-
step forecasting tasks.

12
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Table 1. Short-term forecasting MAPE of various models.

Lags Models Step1 Step2 Step3
RF 3.0761 5.5221 7.9054
LGB 2.5018 4.5198 6.6792
XGB 2.5320 4.4464 6.8570
MLP 2.6394 4.6911 6.6004
lag=6 BiLSTM 4.4534 7.3827 9.7710
LSTM 2.6306 4.8557 6.8998

Parallel Fusion Model 2.7264 5.6800 8.6260

Transformer 2.2740 4.2545 6.1512
LSTM-Transformer 2.2408 4.4285 6.6102
Transformer-LSTM  2.7554 5.1864 7.9264

RF 2.9839 5.4482 7.9853
LGB 2.5264 4.6314 6.9653
XGB 2.4975 4.3581 6.6772
MLP 2.6611 4.7047 6.6225
lag=8 BiLSTM 2.5411 5.3625 8.6902
LSTM 2.2569 4.5628 6.7896

Parallel Fusion Model 4.2159 7.6155 10.1653

Transformer 3.4657 6.0521 7.8840
LSTM-Transformer 2.7601 6.0412 9.3617
Transformer-LSTM 2.2681 4.7120 6.9104

13
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Figure 3. Model prediction comparison with lag=6

When the lag is set to 8, it can be observed from Figure 9(b) that the MAPE of various models has
reached its minimum value through iterations. As shown in Table 1, the MAPE of XGB and MLP
is around 2.50%, the error of LSTM is reduced to the lowest at 2.2569%, while the error of the
Parallel Fusion model is relatively high at 4.2159%. A comparison of the predictive performance
of the various models is shown in Figure 4.

14
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Figure 4. Model prediction comparison with lag=8

In medium-term time series forecasting, Figures 9(c) and 9(d) show that during the training phase,
LGB’s fitting performance remains superior to other models. When the lag length is increased to
lag=10 (Figure 5, Table 2), the LSTM-Transformer achieves the best performance in three-step
forecasting, with MAPE values of 2.1311%, 4.0963%, and 6.0373%, significantly outperforming
other models. This indicates that under a moderate historical information window, it can effectively
integrate LSTM’s modeling capability for time dependencies with the Transformer’s global attention
mechanism, demonstrating exceptional medium-term forecasting ability. The results for lag=12
(Figure 6, Table 2) further support this conclusion, with the LSTM-Transformer maintaining a low
overall error level and balanced and accurate performance in three-step forecasting.

15
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Table 2. Medium-term forecasting MAPE of various models.

Lags Models Step1 Step2 Step3
RF 2.9750 5.2040 7.5556

lag=10 LGB 2.5037 4.5863 6.9653
XGB 2.7817 4.8009 7.2045

MLP 2.2422 4.3059 6.2042

BiLSTM 2.6232 4.7086 6.8658

LSTM 2.4950 5.0044 7.4900

Parallel Fusion Model 2.3767 4.7176 6.6617

Transformer 2.5461 4.7184 6.5758
LSTM-Transformer 2.1311 4.0963 6.0373
Transformer-LSTM  2.3094 4.4604 6.3156

RF 2.9696 5.2324 7.8663

lag=12 LGB 2.7584 5.1467 7.7899
XGB 2.8611 5.1964 7.8059

MLP 2.4208 4.4991 6.4970

BiLSTM 3.0204 5.1769 7.2548

LSTM 4.1515 7.4555 10.0590

Parallel Fusion Model 2.9526 5.6503 8.1212
Transformer 4.0974 7.4232 10.1914

LSTM-Transformer 2.1869 4.4371 6.8918
Transformer-LSTM  3.9506 7.0818 9.7576

16
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Figure 5. Model prediction comparison with lag=10
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Figure 6. Model prediction comparison with lag=12

As the lag length increases to 14 and 16, it can be observed from Figures 9(e) and 9(f) that
the Transformer-LSTM and LGB models show a significantly better fitting performance compared
to other models. During the prediction phase, as indicated in Table 3, the Transformer-LSTM
model maintains stable performance in the second and third steps of prediction, with the MAPE
controlled at around 6.4%, which is significantly better than other models. This suggests that
under conditions of longer historical input, the Transformer-LSTM can more effectively capture
long-term dependencies in time series data.Figures 7 and 8 illustrate the predictive performance
of each model.

18
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Table 3. Long-term forecasting MAPE of various models.

Lags Models Step1 Step2 Step3
RF 2.9180 5.0977 7.5127

lag=14 LGB 2.7331 5.0789 7.8893
XGB 2.9387 5.1762 7.6264

MLP 2.8589 5.3554 7.5793

BiLSTM 3.0173 5.8383 9.2642

LSTM 3.7925 6.8869 9.4080

Parallel Fusion Model 2.9323 5.8709 8.4079
Transformer 2.3494 4.7558 7.3286

LSTM-Transformer 11.7446 11.7858 11.8306
Transformer-LSTM 2.3787 4.2982 6.0029

RF 3.1401 5.5891 8.3751
lag=16 LGB 2.8326 5.2225 7.9747
XGB 2.8630 4.9372 7.2709
MLP 2.6736 4.8134 7.0434
BiLSTM 2.3480 4.6128 6.8414
LSTM 2.3240 4.6849 6.9712
Parallel Fusion Model 3.0860 6.0740 8.9079
Transformer 4.0148 7.3458 10.1984

LSTM-Transformer 3.5385 6.9828 10.1333
Transformer-LSTM  2.1926 4.4083 6.8181
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Figure 7. Model prediction comparison with lag=14
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4.5 Discussion

This study delves into forecasting tasks across different time scales, aiming to reveal the
performance of various models in short-term, medium-term, and long-term predictions. Through
the analysis of these tasks, we can gain a comprehensive understanding of the models’ predictive
capabilities and generalization performance, thereby providing valuable insights for the field of
time series forecasting.

Short-Term Forecasting (Lag = 6 and 8):The LSTM-Transformer model demonstrated excellent
performance in the initial steps of prediction, achieving the lowest MAPE of 2.2408% in the first
step. This indicates that the combination of LSTM’s modeling capability for time dependencies
and Transformer’s global attention mechanism provides a powerful framework for short-term
forecasting. However, as the number of prediction steps increased, the Transformer model also
showed significant stability, maintaining a MAPE of approximately 6.1512% in the third step. This
highlights the model’s robustness in handling multi-step forecasting tasks. Traditional models such
as LightGBM and RF exhibited relatively higher errors, suggesting that they may not capture the
complex patterns in the data as effectively as the LSTM-Transformer or Transformer models.

Medium-Term Forecasting (Lag = 10 and 12):The LSTM-Transformer performed best in all three
steps of prediction, with the lowest MAPE values. This demonstrates the effectiveness of
integrating time dependencies and global attention mechanisms, making it particularly suitable
for medium-term forecasting. The results also indicate that the LSTM-Transformer can effectively
utilize moderate historical information to improve forecasting accuracy.

Long-Term Forecasting (Lag = 14 and 16): The Transformer-LSTM and LGB models showed
better fitting performance compared to other models. Specifically, the Transformer-LSTM
maintained stable performance in the second and third steps of prediction, with MAPE controlled
around 6.4%. This suggests that the Transformer-LSTM can effectively capture long-term
dependencies in time series data, especially when provided with longer historical inputs. This
capability is essential for long-term forecasting tasks where understanding long-term trends and
dependencies is crucial.

In conclusion, the LSTM-Transformer model stands out in medium-term forecasting tasks due
to its ability to integrate the advantages of both LSTM and Transformer architectures. The
Transformer-LSTM excels in long-term forecasting tasks. These findings indicate that model
selection should be based on the specific requirements of the forecasting task, including the
forecasting horizon and the availability of historical data. Future work can further optimize these
models or develop new architectures to enhance performance across all forecasting ranges,
providing more effective solutions for electricity consumption forecasting in power systems,
helping governments and energy companies optimize electricity production and distribution, and
avoiding waste of electricity.
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5 Conclusions

This study focuses on multi-step forecasting of electric power load, conducting an in-depth
investigation of three hybrid models combining LSTM and Transformer architectures: Parallel
Fusion Model, LSTM-Transformer, and Transformer-LSTM. The PSO algorithm is employed for
hyperparameter tuning, and the performance of each model is systematically evaluated across
short-term, medium-term, and long-term forecasting scenarios. Experiments are based on real
hourly electricity consumption data from Romania, using a NARX model framework to analyze
the multi-step prediction results under different lag settings.

The results demonstrate that each model architecture has its own strengths at different
time scales. LSTM-Transformer performs most stably in medium-term forecasting, effectively
integrating both local and global features of the time series. Transformer-LSTM achieves
higher accuracy in long-term forecasting, showing strong robustness and the ability to capture
long-term dependencies. Traditional machine learning models perform relatively well in short-
term forecasting but are generally outperformed by the deep learning fusion models. Overall,
hybrid architectures outperform single-structure models, and the order of LSTM and Transformer
components has a significant impact on predictive performance.

This study not only verifies the effectiveness of hybrid architectures in electric load forecasting
but also provides practical guidance for model selection in different forecasting tasks. It
offers valuable insights for real-world applications and future research. Subsequent work may
incorporate external influencing factors (such as temperature and holidays) to further improve
model generalization and explore more efficient fusion strategies and optimization methods.

Declaration of author

The experimental results related to this study are original and have not been published or
submitted elsewhere.
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