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Abstract. The technical difficulty in short-term load forecasting in power systems stems
from their non-stationary characteristics, random fluctuations, and the influence of com-
plex factors. These characteristics often lead to a decline in the model’s predictive per-
formance. To address this issue, this paper proposes a hybrid forecasting framework that
integrates time-series similarity analysis with an extended Long Short-Term Memory
(LSTM) network (xLSTM). Specifically, we first use the Variational Mode Decomposi-
tion (VMD) algorithm to decouple the original non-stationary load curves into several
stationary components. On this basis, xLSTM employs a symmetrical architecture to
discern underlying features in each component for precise prediction. Meanwhile, we al-
so construct a training dataset, which is combined with grey relational analysis and a
historical-similar time-series screening mechanism to enhance performance and predic-
tion accuracy further. To verify effectiveness, actual power loads in New Toronto (Cana-
da) and a power plant in Northeast China are selected, and we also use Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage
Error (MAPE) to evaluate prediction accuracy quantitatively. Moreover, some bench-
mark models are also selected as comparison methods. The results demonstrate that the
proposed symmetrical framework achieves impressive performance, further verifying its
effectiveness in short-term power load forecasting.
Keywords: xLSTM, Symmetrical framework, Similar time-series, VMD, Stationary
components

1. Introduction. The time-varying characteristics of power load and the complexity of
user scale make accurate prediction a key technological requirement for maintaining the
dynamic balance of the power system [1-3]. Among the current mainstream prediction
methods, time series analysis is suitable for regular data with strong stationarity, but it is
challenging to handle scenarios with drastic load fluctuations [4-6]. Machine learning and
support vector machines have shown advantages in processing non-linear data, but their
hyperparameter optimization highly depends on manual experience [7-11]. Research shows
that single-prediction models have limitations in handling power load sequences with both
high volatility and nonlinearity. In recent years, deep learning techniques have dominated
the field of load forecasting. Particularly, attention-based mechanisms and Transformer
models have been extensively applied due to their ability to capture global dependencies
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[12,13]. For instance, Li and Cai [12] proposed a Transformer-based framework that ef-
fectively models long-range dependencies in time series via Crossformer. However, these
Transformer variants often suffer from high computational complexity and may overlook
local temporal mutations crucial for short-term load fluctuations. On the other hand, Re-
current Neural Networks (RNNs) and their variants remain highly effective for sequential
data. Recent studies, such as Wang and Li [14], have explored hybrid LSTM models to
enhance prediction stability. Despite these advancements, traditional LSTM units still
face challenges with gradient vanishing when processing very long sequences, and their
scalar memory structures limit the capacity to store complex feature interactions. Con-
sequently, exploring the newly proposed xLSTM, which utilizes exponential gating and
matrix memory to overcome these limitations, combined with advanced decomposition
techniques, presents a promising yet underexplored direction for improving forecasting
accuracy. Therefore, combined prediction models that integrate the advantages of multi-
ple methods have gradually become the focus of research. Data quality optimization is a
key strategy for improving prediction accuracy. Existing power load prediction methods
are usually divided into two primary technical paths. Firstly, the method is based on
influencing factors. It quantifies the coupling between meteorological factors (tempera-
ture/humidity) and load changes using grey relational analysis, selects exogenous vari-
ables such as social and economic activities, based on the Pearson correlation coefficient,
constructs a multi-dimensional feature input set, and then builds a multi-dimensional
feature data set [15]. Secondly, the prediction method is based on similar days. It uses
clustering algorithms to identify the spatio-temporal similarity laws of historical load se-
quences, reduces data noise interference via an optimal similar-day matching mechanism,
and enhances the model’s ability to capture periodic characteristics [16-18]. These two
types of methods optimize data quality from the perspectives of external factor correla-
tion mining and internal factor law extraction, respectively [19-22].
Madrid and Antonio proposed a machine learning model to enhance the accuracy of

168-hour forecasting [23]. This model incorporates features from multiple sources, includ-
ing historical load data, weather data, and holiday data. Taylor and Buizza modeled the
unspecified nonlinear relationship between load and weather variables, exploring the ap-
plication of weather-integrated forecasting in ANN for advanced load forecasting 1 to 10
days in advance [24]. Zhang et al. proposed a method for matching similar days based on
an optimized clustering algorithm constructed using the human comfort index [25]. This
method combines an LSTM neural network to predict hotel building loads, and its ac-
curacy and efficiency are verified using actual measurement data. Kim et al. combined a
hybrid convolutional neural network and an LSTM network with a similar data selection
model, selecting data with similar dates as the input data. They verified the effectiveness
of the proposed method by comparing the performance of convolutional neural networks
and long short-term memory networks [26].
To address the problems of nonlinear coupling and random fluctuations in short-term

power load forecasting, this paper constructs a hybrid forecasting framework (VMD Ex-
tended Long Short-Term Memory, VMD-xLSTM) that integrates similar sequence fea-
tures, VMD technology, and an improved extended short-term memory network [27].
The implementation process of this model consists of three stages:
1) Construction of a multi-dimensional feature fusion dataset: The morphological sim-

ilarity patterns of the load sequence are mined through a combined algorithm of curve
trend degree and difference degree. Grey relational analysis is used to quantify the cou-
pling strength between external variables such as temperature and humidity and load
fluctuations, thereby forming a multi-dimensional feature input matrix. This effectively
overcomes the problem of a single input dimension in traditional methods.
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2) Modal decomposition-forecasting coupling mechanism: The VMD technology is used
to decompose the original load sequence into multiple relatively smooth sub-modal se-
quences. An xLSTM forecasting model is constructed for each sub-modal sequence, and
its gating mechanism is utilized to optimize the ability to capture time-series features.

3) Integrated output of forecasting results: The forecasting results of each sub-model
are linearly superimposed to generate the final load forecasting value.

The experimental results on the power load dataset of the New Toronto area in Canada
show that, compared with other forecasting models, the method proposed in this paper has
higher forecasting accuracy, verifying the role of feature fusion and modal decomposition
strategies in improving forecasting accuracy.

The remainder of this paper is organized as follows. Section 2 details the construction
of the multi-dimensional load and feature fusion dataset, explaining the mechanisms of
similar sequence screening and grey relational analysis. Section 3 elaborates on the pro-
posed hybrid forecasting framework, providing a comprehensive theoretical analysis of the
VMD algorithm and the architectural innovations of the symmetrical xLSTM network.
Section 4 presents the experimental design, including data sources, evaluation metrics,
and a comparative discussion of the forecasting results against benchmark models. Final-
ly, Section 5 concludes the paper by summarizing the key findings and outlining directions
for future research.

2. Construction of Load and Feature Fusion Dataset. This paper proposes a da-
ta construction method based on multi-dimensional feature fusion. By combining the
optimal similar load sequence with multi-source influencing factor feature data, a high-
information-density training dataset is formed, laying a data foundation for efficient fea-
ture mining by the VMD-xLSTM model. Figure 1 shows the construction process of this
fused dataset. First, using the sliding window technique, the optimal similar load sequence
is screened based on trend similarity and difference. Second, normalization and outlier cor-
rection are applied to the original load data, and high-influence features are selected using
the grey relational analysis method. Finally, the screened similar load sequence and influ-
encing factor features are tensor-spliced to construct a fused feature matrix. This fused

Figure 1. Flowchart for building a fusion dataset
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dataset effectively addresses the single data type issue in traditional methods, enabling
the VMD-xLSTM model to simultaneously capture the periodic evolution law of the load
sequence and its response to sudden disturbances, and providing reliable data support for
subsequent modal decomposition and prediction optimization.

2.1. Selection of optimal similar load sequence set. Short-term load forecasting
systems often employ combined models to improve forecasting accuracy and adaptabil-
ity to various scenarios. Among them, the accuracy of selecting similar-load sequences
is a crucial factor affecting the forecasting results. The accuracy of traditional similar
load forecasting methods largely depends on the selection of influencing factors based on
manual experience, which is highly subjective. However, the load curves of the power
systems already contain sybstantial potential information. By matching the load curves
of the forecasting day with those of historical days for similar load sequences, we can not
only extract the implicit features of the forecasting day but also avoid errors caused by
manual selection of factors, thereby improving forecasting accuracy. Based on the above
analysis, this paper proposes a screening mechanism based on similar load sequences: by
combining quantitative analysis of curve trends and differences, the optimal set of similar
load sequences is matched.
In the field of power load forecasting, the curve trend is defined as the vertical trans-

lation similarity between two curves (i.e., the maximum degree of coincidence when only
vertical translation is allowed). This indicator quantifies the trend similarity between any
two load curves through the following formula:

Rmn(m, t) = 2 · E (Xm,t+t0Xn,t0)− E (Xm,t+t0)E (Xn,t0)

D (Xm,t+t0) +D (Xn,t0)
(1)

Among them, Xm,t+t0 represents the power load sequence of historical daym from time t to
time t0, represented by a set of t0 sampling points xm,t, . . . , xm,t+t0 with equal probability
distribution; Xn,t0 represents the power load sequence of day n before prediction time t0,
represented by a set of t0 sampling points xn,1, . . . , xn,t0 with equal probability distribution;
t0 is the length of the sequence. xm,t and xn,t are the numerical values of the historical
daily power load sequence Xm,t+t0 and the predicted daily power load sequence Xn,t0 at
the t-th point of their respective sequences; E(·) represents the mathematical expectation
that D(·) is the variance. The greater the trend similarity, the more similar the shapes of
two similar load curves are.
The curve trend-degree model can effectively characterize the morphological similarity

of load curves. However, when the power load shows an overall upward or downward trend,
even though the trend similarity is relatively high, the actual numerical deviation may still
increase significantly. To overcome this limitation, this study introduces a dual-evaluation
mechanism for curve difference degree based on trend-similarity screening.
The curve difference degree index quantifies the absolute numerical difference between

load curves. The smaller its value, the smaller the error between the curves. By jointly
applying the trend and difference degrees, truly similar sequences can be more accurately
identified. Specifically, the algorithm first screens candidate curves whose trend similarity
meets the standard, and then selects the optimal match with the slightest difference
degree. The dual evaluation mechanism constructed in this way significantly improves the
reliability of similar sequence screening. The calculation formula is as follows:

Omn(m, t) =

√√√√ t0∑
k=t

|xm,k − xn,k|2 (2)
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When used in combination, the difference degree needs to be normalized to unify its
scale with that of the trend degree. Finally, by subtracting the normalized difference
degree from the trend degree, we can obtain the final similarity coefficient Vmn for the
power load sequences between time points t and t + t0 on historical day m and t0 time
points prior to day n in the prediction period, as shown in Formula (3). The larger the
similarity coefficient is, the more similar the two load curves are.

Vmn(m, t) = Rmn(m, t)− Omn(m, t)∑t0
k=t xn,k

(3)

The selection process of the optimal similar time period load sequence set is as follows.
1) Set a sliding time window with window length h, and slide through all historical load

sequences in the historical load data according to Formula (3).
2) Calculate similarity coefficients for all historical sequences, sort them in descending

order, and select the top z load curves to construct the optimal similar load sequence set
[Xn1,t0 ;Xn2,t0 ; . . . ;Xnz,t0 ] corresponding to time t0 on the prediction day n.

2.2. Selection of main influencing factor feature sequences. Power load curves
contain multidimensional characteristics of system operation. However, due to their non-
linear fluctuation characteristics, traditional prediction models struggle to extract these
features directly. In this study, we use the characteristic sequences of major influencing
factors as model inputs, enabling the model to better learn differential changes in these
features. Power loads are generally influenced by economic factors (e.g., electricity prices)
and environmental factors (e.g., temperature, humidity, and wind speed), exhibiting reg-
ular fluctuation patterns. Therefore, we can use the Grey Relational Analysis (GRA)
method to calculate grey correlation coefficients and perform correlation sorting, thereby
quantifying and screening the factors. The specific steps of the GRA algorithm are as
follows.

Firstly, all data undergo normalization processing. Subsequently, the grey correlation
coefficients between the influencing factor sequence Ei

m and the daily load sequence Xm

are calculated using Equation (4).

ξim =

t0∑
t=1

min
i

min
t

|∆i
m(t)|+ ρmax

i
max

t
|∆i

m(t)|

|∆i
m(i)|+ ρmax

i
max

t
|∆i

m(t)|
(4)

Among them, ∆i
m(t) = Xm(t) − Ed

m(t) and minimint |∆i
m(t)| represents the second level

minimum difference, maxi maxt |∆i
m(t)| represents the second level maximum difference,

ρ is the resolution coefficient, and t0 represents the sequence length of Ei
m.

Finally, the grey correlation coefficients of all historical days are averaged to obtain the
correlation coefficients of each influencing factor:

ri =
1

N

N∑
m=1

ξi(m) (5)

Among them, ri is the correlation coefficient of the i-th influencing factor (ri ∈ (0, 1)).
Based on the load dataset of the New Toronto Area, five typical influencing factors

including temperature, humidity, wind speed, rainfall, and electricity prices were select-
ed for correlation analysis. The correlation coefficients of each influencing factor were
obtained through GRA, and the results are shown in Table 1.

From Table 1, it can be seen that among the above influencing factors, there is a strong
correlation between temperature and electricity load (µ ∈ (0.8, 1.0)), a strong correlation
between electricity prices and humidity and electricity load (µ ∈ (0.65, 0.8)), a moderate
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Table 1. Correlation assessment of load influencing factors

Influence
factor

Humidity
(%)

Electricity price(
yuan · kW−1

) Wind speed
(m · s−1)

Rainfall(
mm · h−1

) Temperature
(◦C)

Correlation
coefficient

0.712 0.677 0.231 0.469 0.913

correlation between electricity load and rainfall (µ ∈ (0.3, 0.65)), and a weak correlation
with wind speed (µ ∈ (0, 0.3)). Based on the above analysis, humidity, temperature, and
electricity prices are selected as the main influencing factors of the load. Collect feature
data at time t0 before the prediction date, construct the main influencing factor feature
sequence set [En1,t0 ;En2,t0 ;En3,t0 ], and merge it with the feature data at time t0 before the
prediction date and the optimal similar load sequence set [Xn1;Xn2; . . . ;Xnz] to obtain
the feature fusion dataset X̃n,t0 , as shown in Equation (6).

X̃n,t0 =



Xn1,t0

Xn2,t0

· · ·
Xnz,t0

Xn,t0

En1,t0

En2,t0

En3,t0


=



xn1,1 · · · xn1,t · · · xn1,t0

xn2,1 · · · xn2,t · · · xn2,t0

· · · · · · · · · · · · · · ·
xnz,1 · · · xnz,t · · · xnz,t0

xn,1 · · · xn,t · · · xn,t0

en1,1 · · · en1,t · · · en1,t0
en2,1 · · · en2,t · · · en2,t0
en3,1 · · · en3,t · · · en3,t0


(6)

Among them, xnz,t represents the numerical value of the z-th similar load sequence on
prediction day n at its t-th point, and enz,t represents the numerical value of the char-
acteristic sequence of the z-th main influencing factor on prediction day n at its t-th
point.

3. Optimization of VMD xLSTM Prediction Model Using Variational Mode
Decomposition Algorithm. Given the nonlinear and nonstationary characteristics of
power load time series data, this paper employs Variational Mode Decomposition (VMD)
for signal preprocessing. The original load sequence is decomposed into multiple Intrinsic
Mode Functions (IMFs), effectively eliminating noise interference while achieving data
stationarization. Compared to traditional methods such as Empirical Mode Decomposi-
tion (EMD), VMD effectively suppresses mode mixing, providing high signal-to-noise-ratio
input features for subsequent predictive models.

3.1. Variational mode decomposition algorithm.

3.1.1. Principle of variational mode decomposition. VMD constructs a constrained varia-
tional problem to decompose the original signal into multiple intrinsic mode components.
Each intrinsic mode component fluctuates around a central frequency in the frequency
domain and exhibits finite bandwidth, thereby enabling precise decoupling of multi-scale,
non-stationary signals. The specific steps are as follows.
Step 1: Construct a variational problem. Decompose the raw sequence f(i) to be pro-

cessed into K variational modal components uk with different center frequency band-
widths, while ensuring that the sum of estimated bandwidths for each modality is mini-
mized. The specific variational constraint expression can be defined as
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min

{uk},{ωk}

{
K∑
k=1

∥∥∂t [Bk(i)] e
−jωki

∥∥2

2

}

s.t.
K∑
k=1

uk(i) = f(i)

(7)

Among them, the original sequence f(i) is the optimal similar daily load sequence set
[Xn1;Xn2; . . . ;XnZ ], {uk} and {ωk} represent the set of all sub-modes and their corre-
sponding center frequencies, Bk(i) =

(
δ(i) + j

πi

)
· uk(i) represents the analytical signal

of the k-th sub mode after Hilbert demodulation, δ(i) is the unit pulse signal, and uk(i)
represents the modal function of the k-th sub mode.

Step 2: Lagrange transformation. Introduce Lagrange multiplier λ and penalty fac-
tor α to solve the optimal solution problem with variational constraints, and transform
the constrained problem in Equation (7) into an unconstrained variational problem in
Equation (8). Among them, α ensures the accuracy of signal reconstruction in high noise
environments, while λ ensures the strictness of constraint conditions.

L({uk} , {ωk} , λ) = α

K∑
k

∥∥∂t [Bk(i)] e
−jωki

∥∥2

2
+

∥∥∥∥∥f(i)−
K∑
k

uk(i)

∥∥∥∥∥
2

2

+

⟨
λ(i), f(i)−

K∑
k

uk(i)

⟩
(8)

Step 3: Alternating updates. Initialize {u1
k}, {ω1

k} and λ1. By using the alternating
direction multiplier method to solve Equation (8), the update formulas for each main
variable can be obtained as shown in Equation (9). Based on Equation (8), {u1

k}, {ω1
k}

and λ1 are iteratively updated.

ûs+1
k (ω) =

f̂(ω)−
∑K

ν ̸=k û
s
ν(ω) +

λ̂s(ω)
2

1 + 2α(ω − ωk)2

ωs+1
k =

∫∞
0

ω |ûk(ω)|2 dω∫∞
0

|ûk(ω)|2 dω

λ̂s+1(ω) = λ̂s(ω) + τ
(
f̂(ω)

)
−

K∑
k

ûs+1
k (ω)

(9)

Among them, s is the number of iterations, ω represents the frequency, τ is the noise
margin, ûs+1

k and ωs+1
k represent the modal function and center frequency of the k-th sub

mode at s+1 iterations, and λ̂s+1 is the Lagrange multiplier value of the VMD algorithm
at s+1 iterations. The forms of f(i), us+1

k (i), us
e(i), and λs(i) after Fourier transform are

represented by f̂(ω), ûs+1
k (ω), ûs

e(ω), and λ̂s(ω), respectively.

K∑
k

∥∥ûs+1
k − ûs

k

∥∥2

2

∥ûs
k∥

2
2

< ε (10)

Among them, ε is the judgment accuracy (ε > 0).

3.1.2. Evaluation index of VMD. Define the reconstruction sequence f ′(i) =
∑K

k=1 uk(i),
which represents the sum of K sub modal signals after VMD decomposition. In an ideal
scenario, the reconstructed sequence f ′(i) is identical to the original sequence f(i), but
there may be some decomposition loss during the actual decomposition process. This paper
proposes a decomposition-quality evaluation index for power load forecasting, VMDLoss,
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to address the problem of prediction accuracy degradation caused by mode mixing or
over-decomposition in the Variational Mode Decomposition (VMD) process. Its essence
is the mean of the sparsity of each sub modal signal after VMD decomposition, that is,
the average envelope entropy. The specific calculation formula is as follows:

VMDLoss = −
K∑
k=1

C∑
i=1

εk(i) lg εk(i)

εk(i) =
bk(i)∑C
i=1 bk(i)

(11)

Among them, bk(i) represents the real part of the k-th sub modal analysis signal Bk(i),
εk(i) represents the probability distribution sequence obtained by normalizing bk(i), and
C is the number of sub modal signal samples. The smaller the VMDLoss, the smaller the
decomposition loss, the more information the modality contains, and the more accurate
the model.

3.2. xLSTM.

3.2.1. Structure of LSTM. Long Short-Term Memory (LSTM) is a special type of Re-
current Neural Network (RNN) designed to address the vanishing and exploding gradient
problems during training with long sequences [28]. Its core structure consists of three gat-
ing mechanisms: the input gate (input gate), the forget gate (forget gate), and the output
gate (output gate). These gating mechanisms regulate the flow of information using sig-
moid functions and element-wise multiplication operations. The network architecture is
illustrated in Figure 2.

Figure 2. Network architecture diagram of LSTM

The forget gate is used to determine which information is discarded from the cellular
state, and its formula is

ft = σ
(
Wf · [ht−1, xt] + bf

)
(12)

where σ is the sigmoid function, Wf and bf are the weights and biases.
The input gate is used to determine which new information to store in the cell state,

and its formula is

it = σ (Wi · [ht−1, xt] + bi) (13)

C̃t = tanh (WC · [ht−1, xt] + bC) (14)
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Among them, C̃t is the candidate cell state. By combining the information from the forget
gate and input gate, the cell state can be updated.

Ct = ft · Ct−1 + it · C̃t (15)

The output gate is used to determine which information to output, and its formula is

ot = σ (Wo · [ht−1, xt] + bo) (16)

ht = ot · tanh (Ct) (17)

3.2.2. Structure of xLSTM. Traditional LSTM still has some limitations. It relies on sig-
moid gating mechanisms, which restrict flexible information flow. Additionally, its memory
cells store information as scalars, limiting their capacity to handle complex and large-scale
data. Furthermore, due to the sequential dependency between time steps, LSTM struggles
to achieve efficient parallel computation.

The core innovation of xLSTM lies in its introduction of an exponential gating mecha-
nism, which breaks through the output range restrictions of traditional gating functions
[29]. This design enables higher flexibility and dynamic control over information flow. Un-
like the conventional LSTM, which constrains gating values within [0, 1] through sigmoid
functions, xLSTM reconstructs the gating system using exponential activation functions.
This significantly expands the range of gating values and enhances the model’s ability
to regulate information flow, demonstrating unique advantages in modeling long-range
dependencies and capturing high-complexity sequence patterns.

Moreover, xLSTM introduces two novel memory units: sLSTM and mLSTM. The sLS-
TM preserves scalar storage while incorporating a novel multi-layer hybrid mechanism
that enables interactions between memories across different layers. This improves both
storage flexibility and information flow dynamics. On the other hand, mLSTM employs
matrix-based memory units, significantly increasing the model’s storage capacity and ef-
fectively handling sparse information. The matrix memory units are updated via covari-
ance update rules, significantly enhancing the model’s performance in processing complex
information. As shown in Figure 3, the architectures of sLSTM and mLSTM networks are
illustrated.

Figure 3. Network architecture diagram of xLSTM
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xLSTM also introduces a residual stacking architecture similar to the Transformer, inte-
grating sLSTM and mLSTM into residual blocks to form deep networks. This architecture
not only enhances the model’s scalability but also effectively prevents the vanishing gradi-
ent problem in deep networks, enabling the model to learn complex historical dependencies
better. The residual stacking structure is illustrated in Figures 4 and 5.
Figure 3 depicts the overall architectural framework of the xLSTM network. It illus-

trates the hierarchical composition where sLSTM and mLSTM blocks are integrated into a
deep residual structure. This macroscopic view shows how the input sequence is processed
layer by layer, enabling the model to extract features at different levels of abstraction. The
diagram highlights the residual connections that bypass the blocks, facilitating gradient
flow and enabling the construction of deeper networks similar to Transformers.
Figure 4 illustrates the specific internal structure of the sLSTM module. It adopts a

pre-LayerNorm residual structure to ensure training stability. The input features first pass
through a normalization layer and are then processed by the sLSTM block, which retains
the scalar memory mechanism but enhances it with exponential gating. A Group Norm

Figure 4. Structure diagram of sLSTM module
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layer and a Swish activation function are subsequently applied to regulating the feature
distribution, followed by a convolution operation to capture local dependencies. This
design allows sLSTM to effectively manage scalar updates while maintaining gradient
stability in deep networks.

The mLSTM module, as detailed in Figure 5, represents the matrix-based memory
variant. Unlike the scalar memory, mLSTM projects the input into query (q), key (k), and
value (v) vectors, similar to the attention mechanism. It uses a covariance update rule to
store information in the matrix Ct, thereby significantly increasing the memory capacity
for retrieving complex historical contexts. As shown in the diagram, the module also
integrates Group Normalization and Swish activation within the residual block structure.
This matrix memory architecture enables the model to parallelize computations more
efficiently and capture long-range dependencies that are difficult for traditional scalar-
based LSTMs to retain.

Figure 5. Structure diagram of mLSTM module

4. Case Analysis and Comparison of Experimental Results.

4.1. Data sources and evaluation indicators. To comprehensively evaluate the mod-
el’s performance and generalization ability, this study employs two distinct datasets. The
primary dataset is from a specific region of New Toronto, data including six variables:
load, temperature, humidity, rainfall, wind speed, and electricity price. The time period
selected is from March 15, 2012, to June 8, 2013, with a sampling interval of 15 minutes,
resulting in a total of 259,200 load data points. Additionally, to validate the model’s ap-
plicability to recent scenarios and different geographical environments, a secondary dataset
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collected from a thermal power plant in Northeast China (covering the year 2023) is
introduced. The specific analysis and validation based on this recent dataset are detailed
in Section 4.3.3.
To eliminate the impact of dimensionality differences across factors, the input data for

the prediction model are normalized to the range [0, 1]. The entire dataset, spanning from
March 15, 2012, to June 8, 2013, is strictly divided into a training set and a testing set
following a 6 : 1 ratio based on chronological order. This ensures temporal continuity and
prevents information leakage. Specifically, the data from the earlier period constitutes the
training set, used for model learning and parameter optimization, while the subsequent
data forms the test set to evaluate the model’s generalization performance.
Sample construction is performed using a sliding window approach across the whole

timeline. For each prediction target, load data from the preceding 6 hours is extracted
and combined with the fused feature data calculated using Equation (6). This process
generates a comprehensive sequence of samples covering the entire study period, ensuring
that the model is trained on diverse seasonal and fluctuation patterns.

4.2. Selection of load and feature fusion dataset. Set the window length to 6, and
use a sliding time window to traverse the historical daily load sequence. For each time
segment, calculate the similarity using a combined algorithm that combines curve trend
degree and difference degree. Taking February 20, 2013, at 12:00 as an example, select the
top 7 optimal similar sequences as load data for the prediction model, as shown in Table
2. Collect humidity, temperature, and electricity price data for February 20, 2013, using
weather forecasts and other means. Combine these data with the load data from Table 2
to form a load-feature fusion dataset, which is then input into the prediction model.

Table 2. Selection of optimal similar day

Time Similar coefficient
1 2012-07-06, 12:15-18:15 0.982
2 2012-09-12, 12:00-18:00 0.979
3 2013-03-15, 10:30-16:30 0.973
4 2012-06-02, 13:00-19:00 0.971
5 2012-08-27, 11:45-17:45 0.965
6 2013-04-07, 12:30-18:30 0.962
7 2012-07-18, 13:15-19:15 0.958

4.3. Case study.

4.3.1. Comparative analysis of instances from different types of datasets. To validate the
superiority of the load and feature-integrated dataset, this study conducted comparative
experiments using two datasets. Type I dataset utilized historical load sequences from
the six hours preceding the prediction time as input data. In contrast, Type II dataset
used the load and feature-integrated dataset constructed in Section 4.2 as input. To en-
sure the experiments were rational, the VMD-xLSTM model was consistently used as
the prediction model for both datasets. Comparing the experimental data horizontally,
it was evident that Type II dataset demonstrated significant advantages in predictive
performance. As shown in Figure 6’s prediction curves and Table 3’s evaluation metric
comparison, Type II dataset achieved improvements across all three evaluation indicators
compared to Type I baseline dataset. Specifically, MAPE decreased by 0.71 percentage
points, while RMSE and MAE were optimized to 57.28 and 53.03, respectively, resulting
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(a) (b)

(c) (d)

Figure 6. Prediction result curves for various types of datasets

Table 3. Comparison of prediction result of each data set

Dataset RMSE MAE MAPE
Type I dataset 99.04 92.88 1.64%
Type II dataset 57.28 53.03 0.93%

in better prediction accuracy. The enhanced performance of Type II dataset can be attrib-
uted to their integration of multidimensional data features, which effectively strengthens
the model’s ability to uncover latent characteristics.

4.3.2. Comparative analysis of examples from different models. To comprehensively vali-
date the performance of the VMD-xLSTM prediction model, this study uniformly employs
a load-feature fused dataset as model input for comparison with BiLSTM, xLSTM, and
VMD-xLSTM. In the comparative experiments, the configuration of the neural networks’
hidden layers is maintained consistently, specifically with 32 hidden layer nodes, a max-
imum iteration limit of 120, an initial learning rate of 0.001, and the tanh function uni-
formly adopted as the activation function. The visual comparison of prediction results is
shown in Figure 7, and the evaluation metric comparison is presented in Table 4.

As shown in Figure 7 and Table 4, the VMD-xLSTM model effectively decomposes the
original nonlinear sequence into multiple simple modal components, thereby significantly
reducing data complexity. Compared to both BiLSTM and xLSTMmodels, VMD-xLSTM
demonstrates higher prediction accuracy, strongly validating its algorithmic effectiveness
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(a) (b)

(c) (d)

Figure 7. Prediction result curves of different methods

Table 4. Comparison of prediction result of each prediction model

Different models RMSE MAE MAPE
BiLSTM 192.97 188.21 3.36%
xLSTM 165.95 158.86 2.82%

VMD-xLSTM 57.28 53.03 0.93%

and advancement. Furthermore, compared to the BiLSTM model, xLSTM achieves a
0.54% reduction in MAPE, with RMSE and MAE decreasing to 165.95 and 158.86, re-
spectively, indicating that xLSTM possesses stronger learning capabilities and higher
prediction accuracy than BiLSTM. When combined with VMD decomposition technolo-
gy to form the VMD-xLSTM model, its performance is further enhanced: compared to
the undecomposed xLSTM model, VMD-xLSTM sees RMSE and MAE drop significantly
to 57.28 and 53.03, respectively, with MAPE also decreasing by 1.89%. This substan-
tial performance improvement not only highlights the necessity and effectiveness of VMD
decomposition technology but also further confirms the superiority of the VMD-xLSTM
hybrid model in enhancing prediction accuracy.

4.3.3. Generalization verification using recent power plant data. To address the potential
concern regarding data timeliness and to further verify the generalization ability of the
proposed framework, this study introduces a second dataset for validation. The data
is collected from a thermal power plant in Northeast China, covering the period from
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January 1, 2024 to December 31, 2024. Compared to the New Toronto dataset, this
dataset represents a more recent time series with distinct load characteristics influenced
by different climatic and industrial factors. To ensure a rigorous evaluation, we conducted
comparative experiments using BiLSTM, xLSTM, and the proposed VMD-xLSTM on
this new dataset.

The prediction results of the different models are visualized in Figure 8. As observed, the
prediction curves of the benchmark models BiLSTM and xLSTM exhibit noticeable devi-
ations, in contrast, even with the change in data source and time span, the VMD-xLSTM
model closely tracks the actual load curve, capturing local variations more accurately
than the single models.

Figure 8. Prediction results of the power load in a power plant in North-
east China

This indicates that the proposed symmetrical framework is not overfitting to a specific
historical dataset.

Table 5 presents the quantitative evaluation metrics for the three models on the North-
east China dataset. It is evident that the proposed VMD-xLSTM model maintains a
significant advantage over the benchmark models, demonstrating superior robustness.

Table 5. Comparison of prediction performance on Northeast China dataset

Different models RMSE MAE MAPE
BiLSTM 205.4 189.8 4.80%
xLSTM 189.7 178.1 4.35%

VMD-xLSTM 63.7 46.6 1.13%

Compared to the BiLSTM model: The VMD-xLSTM framework achieved a substantial
reduction in error metrics. The MAPE decreased by 3.67 percentage points (from 4.80%
to 1.13%), while the RMSE and MAE were reduced by 141.7 and 143.2, respectively.
This indicates that the proposed model handles the complex volatility of the new dataset
much better than the traditional bidirectional recurrent network. Compared to the single
xLSTM model: It is noteworthy that the standalone xLSTM model already outperformed
the BiLSTM (with an MAPE of 4.35% versus 4.80%), proving its effectiveness in capturing
temporal dependencies. However, the hybrid VMD-xLSTM framework further elevated
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the prediction accuracy. The integration of VMD decomposition reduced the MAPE by
another 3.22 percentage points compared to the single xLSTM. This strongly validates
the necessity of the decomposition strategy: even with a powerful base model like xLSTM,
decomposing the non-stationary load into stationary components is essential for achieving
state-of-the-art forecasting precision.
These results demonstrate that the superiority of the VMD-xLSTM framework is not

limited to a specific historical dataset. Even when applied to a recent, geographically
distinct dataset, the proposed method consistently outperforms traditional and single-
structure deep learning models, proving its strong robustness and practical value for
modern power grid forecasting.

5. Conclusions. This paper focuses on short-term power load forecasting by integrat-
ing similar sequence selection with the xLSTM model. Through comprehensive example
calculations and error analysis, the following key conclusions are drawn.
1) Given the significant regularity characteristics of power load data, this paper opti-

mizes the strategy for selecting similar sequences by combining curve trend degree and
difference degree algorithms. This approach significantly improves the quality and appli-
cability of similar sequences.
2) To fully capture the temporal and feature information in power data, a load-feature

fused dataset is constructed as the input for the prediction model. This effectively avoids
information loss caused by single data type inputs, providing the model with richer and
more comprehensive data.
3) Considering the inherent nonlinear temporal characteristics of power load data, this

paper designs and implements the VMD-xLSTM hybrid prediction model. By decompos-
ing complex power load sequences into multiple simpler sub-modal sequences using VMD
and predicting each, this strategy not only reduces prediction difficulty but also effectively
minimizes model bias, thereby significantly improving prediction accuracy.
4) Taking the load dataset from New Toronto and a distinct power plant in Northeast

China as examples, this paper proposes a prediction method based on the combination
of similar sequences and the xLSTM model. The comparative experiments on both his-
torical and recent datasets demonstrate higher prediction accuracy, fully validating the
effectiveness and practicality of the proposed method. These empirical results provide new
research perspectives and solutions for the field of power load forecasting.
5) Limitations and future work. Although the proposed VMD-xLSTM model demon-

strates superior performance, there are still areas for improvement. Currently, the model’s
hyperparameter optimization relies partially on manual tuning, which may not ensure the
global optimum in varying scenarios. Future research will focus on integrating intelligent
optimization algorithms (such as Particle Swarm Optimization or the Whale Optimization
Algorithm) to select optimal VMD and xLSTM parameters automatically. Additionally,
we plan to incorporate external factors, such as holidays, social events, and extreme
weather alerts, to enhance further the model’s robustness and adaptability to complex
real-world power grids.
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