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Abstract

Enhancing the accuracy of electricity consumption forecasting is essential for the safe and stable operation of power systems and
the strategic planning of grid companies. To achieve high-precision short-term electricity consumption forecasting, this paper
proposes a VMD-XLSTM forecasting model that combines Variational Modal Decomposition (VMD) with an extended Long
Short-Term Memory network (XLSTM). This novel hybird model firstly uses the VMD decomposition algorithm to decompose
the original electricity consumption time series into multiple modal components and a residual component. Subsequently,
leveraging the powerful long-term dependency capturing capabilities of the XLSTM neural network, each decomposed
component is independently established the model and forecasted. Finally, the prediction results of each component are
superimposed to reconstruct the overall predicted value of electricity consumption. Experimental results demonstrate that the
proposed VMD-XLSTM model performs outstandingly, with a Symmetric Mean Absolute Percentage Error (SMAPE) of only
0.86%. This is notably lower than that of the traditional Long Short-Term Memory network (LSTM) at 2.33%, the standalone
XLSTM model at 2.15%, and the VMD-LSTM model at 0.90%. Additionally, all other prediction error evaluation metrics of this
model are comprehensively superior to the compared models, clearly verifying the VMD-XLSTM maodel's effectiveness in
short-term electricity consumption forecasting tasks through comparative experiments.
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1. Introduction

Rapid economic growth is driving a continuous rise in  for both refined power system management and its sustainable
electricity demand, challenging the safety and stability of our ~ development.
expanding power systems [1]. Accurate electricity forecasting The inherent high randomness and strong non-linear char-
is crucial for optimizing grid operations and ensuring system acteristics of short-term electricity consumption data pose a
security. Therefore, enhancing prediction accuracy is essential severe challenge to accurate forecasting. To address this, the
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"decompose-forecast-reconstruct™ strategy, inspired by digital
signal processing, is widely applied. This method works by
decomposing the complex original series into multiple, more
stationary sub-series, forecasting each individually, and then
reconstructing the results, thereby effectively reducing data
complexity and enhancing prediction accuracy. Among the
various decomposition algorithms, while Empirical Mode
Decomposition (EMD) has its applications [2], it suffers from
inherent drawbacks such as mode mixing and an uncontrol-
lable number of decomposed modes. In contrast, Variational
Mode Decomposition (VMD) enables active control over the
decomposition process by presetting parameters like the
number of modes ( K ) and the penalty factor (& ) [3], effec-
tively overcoming the shortcomings of EMD. VMD vyields
more stable and physically meaningful modal components.
Given its superior decomposition performance and control-
lability, VMD has become a leading and effective time-series
decomposition technique in the field of electricity forecasting.

Currently, short-term electricity forecasting methods are
primarily classified into three categories: statistical models [4,
5], machine learning models [6, 8], and deep learning models
[9-11]. Statistical models, represented by Autoregressive
Moving Average (ARMA), Autoregressive Integrated Mov-
ing Average (ARIMA) [4], and Seasonal ARIMA (SARIMA)
[5], are characterized by their simple structures and compu-
tational efficiency. However, their underlying linear assump-
tion hinders their ability to process non-linear electricity data
effectively, thus limiting their scope of application. Machine
learning models, such as Random Forest (RF) [6], Support
Vector Machine (SVM) [7], and Least Squares Support \Vector
Regression (LSSVR) [8], can effectively handle non-linear
data by leveraging their inherent parameter self-learning and
non-linear adaptive capabilities. Nevertheless, these models
commonly face bottlenecks, including a tendency to ignore
the temporal nature of the data, slow training speeds, limited
generalization capabilities, and difficulties in hyperparameter
optimization.

Given the limitations of the aforementioned methods, deep
learning has emerged as the mainstream approach in current
research. By constructing deep and complex neural networks,
these models can effectively mine profound features from
data, exhibiting superior capabilities in non-linear fitting and
data  representation,  particularly  when  processing
long-sequence data. Among these, Recurrent Neural Net-
works (RNN) [9] and their variants—Long Short-Term
Memory (LSTM) [10] and Gated Recurrent Unit (GRU)
[11]—are the most widely applied representatives. However,
these models are still hampered by drawbacks such as limited
memory capacity and insufficient sensitivity in capturing
long-term dependencies [12]. To address this challenge, the
newly proposed Extended Long Short-Term Memory
(XLSTM) [13] introduces innovative mechanisms like expo-
nential gating, state normalization, and memory mixing.
These innovations significantly enhance the model's ability to
capture long-term dependencies and temporal correlations,
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demonstrating more powerful performance than traditional
models in time-series forecasting tasks.

Based on the preceding research, this paper constructs a
VMD-XLSTM model for short-term electricity consumption
forecasting. The model firstly employs VMD algorithm to
decompose the complex original electricity time series into
multiple, more stationary modal components and a residual
component. Subsequently, the XLSTM network is used to
model and forecast each decomposed component inde-
pendently. The final prediction is then reconstructed by
summing these individual forecasts. Experimental results
demonstrate that the proposed method achieves higher pre-
diction accuracy compared to other baseline models, and
ablation studies confirm the effectiveness of each of its mod-
ules.

2. Theoretical Basis of the Model

2.1. Variational Mode Decomposition (VMD)

The VMD algorithm is designed to overcome the inherent
drawbacks of Empirical Mode Decomposition (EMD), such
as mode mixing and endpoint effects.[14] As a completely
non-recursive signal decomposition technique, the core idea
of VMD is to construct and solve a constrained variational
problem. It adaptively decomposes an original signal f (t)
into a predetermined number, K, of Intrinsic Mode Func-
tions (IMFs), denoted as U, (t),k =1,2,...,K . Each IMF has

a specific center frequency and a finite bandwidth, thereby
effectively extracting key features of the signal and reducing
the complexity of time series analysis. Unlike EMD, VMD
addresses the issue of an uncontrollable number of generated
modes found in algorithms like EMD by pre-setting the
number of modes, K, and a penalty factor, &, to adjust the
decomposition result.

The specific computational process of the VMD algorithm
is as follows:

Step 1: Construct the constrained variational optimization
problem as shown below:

0, Ké‘(t) +”itj*uk (t)}efjw

Where, K is the preset number of decomposed modes;
u (t) is the k-th IMF; @, is the center frequency corre-

K 2
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} s. t.iuk ®=10 (1)

2

sponding to the k -th IMF; (5(t)+itj*uk(t) is the
T

one-sided spectrum of the mode u, (t) calculated using the

Hilbert transform; and e it is used to adjust the center
frequency of each mode.

Step 2: Transform the original constrained problem into an
unconstrained optimization problem for iterative solution by
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introducing a quadratic penalty factor @ and a Lagrange
multiplier A(t). The augmented Lagrangian function is ex-
pressed as:

K 2
L= aZHat [...]e*JwKtHEJr +</1(t), f(t)fzuk(t)> (2)
k=1 2 k
PR ERY-A Ogr1l 62101 OuEBCe» 11

Step 3: Use the Alternate Direction Method of Multipliers
(ADMM) to iteratively update the modes u, , center fre-
quencies @, , and the Lagrange multiplier 4 in the fre-

quency domain. The iterative update expressions for each
variable are as follows:

f ()~ 0, () + 1) ’1(“’) @
An+l(w) — 1 i=k
+2a(w-o,)°
oy < Ot S 2 @
[ 6 (@) do
A" Hw) = A" (w) +T[ f(w) - z A””(a))j (5)

Where: N is the iteration number, @ is the frequency,
and U, (@),
of u,(t), A(t),and f(t), respectively.

Step 4: Set the termination condition for the iteration in
Step 3 as follows:

A" (w), and f(w) are the Fourier transforms

il '\n+l ”2
acll2

k=1

(6)

Where: the threshold ¢ is typically set to 107°. If this
condition is met, the algorithm is considered to have con-
verged; otherwise, it returns to Step 3 to continue iterating.

Finally, perform an inverse Fourier transform on the converged

U, (w) to obtain the final output of each mode as follows:
U () = F [ (@) | k=12,...K 7)

2.2. Extended Long Short-Term Memory
Network (XxLSTM)

Long Short-Term Memory network (LSTM) was proposed
by Hochreiter and Schmidhuber in the 1990s. This neural
network was designed with three gating mechanisms—the

input gate (i ), the forget gate ( f,), and the output gate
(0, )—along with a cell state (C,), to address the problems of
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gradient vanishing and explosion in traditional Recurrent
Neural Networks (RNNs) when modeling long sequences
[15]. The core operational mechanisms of LSTM are de-
scribed by the following equations:

i =o(W [h,x]+b) ®)

fo=c (W, -[h.x]+b;) (9)

=o(W, [hs.x]+b,) (10)

¢ =f Oc,+i 0, ¢ =tanh(W,-[h,.,x]+h) (12)
h =0, ©tanh(c,) (12)

There, o isthe Sigmoid activation function. The cell state
C, is used to store long-term information. The input gate i,
forget gate f,, and output gate 0, are responsible for con-
trolling the storage of new information, the retention of his-
torical information, and the amount of information output
from ¢, atthe current state, respectively. The hidden state h,
is the output at the current time step. The internal structure of
the LSTM hidden layer is shown in Figure 1.
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Figure 1. Internal Structure of the LSTM Hidden Layer.

Based on the mechanisms described above, LSTM can ef-
fectively capture long-term dependencies, making it one of
the classic models in the field of time series forecasting.
However, as research has deepened and application scenarios
have become more complex, traditional LSTM has revealed
several  limitations  when  processing  large-scale
long-sequence data:

1) The value range of the Sigmoid gating function in LSTM

is restricted to, which limits the gate's modulation ca-

pability. Consequently, when the input gate i, controls
the information stored into the cell state ¢, itis difficult
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to revise historical information dynamically based on
new information.

2) LSTM uses a scalar memory storage unit, which restricts

its information storage capacity.

3) LSTM lacks parallel computing capabilities.

To overcome these bottlenecks, Maximilian Beck's team
proposed XLSTM. The XLSTM architecture includes two
novel types of LSTM memory units: scalar Long Short-Term
Memory (SLSTM), which employs scalar memory and a
memory mixing mechanism, and matrix Long Short-Term
Memory (mLSTM), which uses matrix memory and covari-
ance updates and supports parallelization. The key improve-
ments in the SLSTM unit compared to LSTM are as follows:

1) Introduce the exponential gating to replace the sigmoid

gating function of the input gate (optional for forgetting
gate) in the original LSTM network, giving the gating
function a larger output range and greater gradient. This
not only alleviates the gradient disappearance problem
effectively, but also makes the input gate and forget gate
more sensitive to changes in input information, enabling
more accurate capture of trend changes and sudden
signals in time series, thereby more accurately correcting
memory decisions.

2) To address potential numerical instability caused by

exponential gating, SLSTM designs a normalizer state
N, and a stabilizer state m,. These are used to con-
strain the range of gate values and prevent numerical
overflow caused by excessively large exponential gate
values, thereby avoiding the gradient explosion problem
and stabilizing the gating mechanism.

The expressions for the gates and states within the SLSTM
unit are as follows:

i =exp(W, -[hx]+b) (13)

f, 20'(Wf -[ht_l,Xt]erf) or eXp(Wf .[ht-l’xt]—i_bf) (14)

0, :O-(Wo '[ht-l’xt]—’_bo) (15)

c=f0oc,+i0z, 7 :tanh(WZ -[ht_l,xt]+bz) (16)

n = ft on, +il 7

h =0,0c on™ (18)

There, o is the Sigmoid activation function. The gating
function for the input gate i, is changed to an exponential
gate. The forget gate f, can optionally use the exponential
gate to adapt to different application scenarios. The cell state
C, and output gate O, remain unchanged. The normalizer
state N, is used to normalize the cell state within the hidden
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state, and ¢, ©n, " can be regarded as the normalized cell
state.
Furthermore, the stabilizer function m, is used to stabilize

the exponential gates in the input and forget gates, preventing
potential numerical overflow issues that might arise from the
exponential activation function. The relevant calculation
formulas are as follows:

m, =max(log(f,)+m,_,,log(i,)) (19)
i, =exp(log(i,)-m,) (20)
f, =exp(log(f,)+m_ —m) (21)

Here, ft' and it' are used to replace the original forget and

input gate functions in SLSTM during the forward pass. It has
been mathematically proven that the updated forget and input
gate functions can stabilize the gating calculations without
changing the overall network output or affecting the gradient
computation. The XLSTM architecture discussed in this paper
uses SLSTM as its internal unit. The internal structure of the
XLSTM hidden layer is shown in Figure 2.

A/

v

A\

Output gate

{ -x, ) Forget gate Input gate

Figure 2. Internal Structure of the xLSTM Hidden Layer.

3. Short-term Electricity Consumption
Forecasting Process Based on
VMD-XLSTM

Based on the theoretical foundation of the above algorithms,
this paper proposes a short-term electricity consumption pre-
diction model based on VMD-XLSTM. The overall prediction
process of this model is shown in Figure 3.
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Figure 3. The overall prediction process of the model.

The specific prediction steps of this model are as follows:

Step 1: Use the VMD decomposition algorithm to decom-
pose the original electricity time series. Based on experi-
mental experience, set the number of modal components (K )
to 6, and then decompose the original sequence into a com-
bination of simple modal components (IMF1 to IMF6) and a
residual component (Res) to reduce the complexity of the
electricity data.

Step 2: Use the XLSTM model to establish separate fore-
casting models for the different decomposed components and
complete the prediction work for each component.

Step 3: Combine and reconstruct the prediction results of
each modal component to obtain the overall prediction value
for the total electricity consumption data.

4. Case Analysis

The electricity consumption dataset used in this experiment
is sourced from daily electricity consumption data for the
entire province of a southern province in China, covering the
period from January 1, 2019, to July 31, 2024, with a total of
2,038 data points. The dataset contains no outliers or missing
values. To validate the predictive performance of the model
proposed in this paper, the dataset was divided into a training
set and a test set, with a ratio of 8:2.

In the experiment, the sliding window width was set to 8,
meaning that data from the previous 8 days was used to pre-
dict data for the next day. The number of training epochs was
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set to 200, and the initial learning rate was set to 0.01. A fixed
random seed was designed for each group of experiments to
ensure fairness.

4.1. Error Evaluation Index

To assess the accuracy of the model's prediction results, this
experiment selected five error evaluation metrics: Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE), and Symmetric Mean
Absolute Percentage Error (SMAPE) to evaluate the model's
performance. The lower the error calculated by these evalua-
tion metrics, the higher the accuracy of the model's predic-
tions and the better its performance. The formulas for each
metric are as follows:

’ 14 0
ERMSE = (HZ(yi_ yi)z) (22)
i1
14|
Evae = Yi— yi‘ (23)
i=1
Evare :%; I| y-| I‘ x100% (24)
1& ‘yi - yi‘
— x100% 25
SMAPE n;(yi‘+|yi|)/2 (25)

Where, 'y, is the actual value, Y, is the model prediction

value, and n is the number of observation points in the test set.
Among the various metrics, the units for RMSE, MAE are
the same as those used for electricity consumption data in the
dataset, namely 1000*KWh, while the units for MAPE and
SMAPE are percentages.

4.2. VMD Decomposition Results

In this experiment, the VMD algorithm was used to de-
compose the original electricity time series. Based on ex-
perimental experience, the number of modal components (K )
was set to 6, and the penalty factor (& ) was set to 2000. The
original series was decomposed into a combination of simple
modal components (IMF1 to IMF6) and the residual compo-
nent (Res). The decomposition results of each component are
shown in Figure 4:
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Figure 4. VMD decomposition results diagram of original data.

As shown in Figure 4, the original data is decomposed into
six modal components (IMF1-IMF6), arranged sequentially
from the lowest to the highest frequency, and one residual
component (Res). The low-frequency components (IMF1,
IMF2) clearly capture the macroscopic trend and long-term
periodic features of the original sequence. In contrast, the
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high-frequency components (IMF3-IMF6) meticulously de-
lineate the short-term fluctuations, local abrupt changes, and
other high-frequency details within the series. The residual
component (Res) exhibits the characteristics of random noise
with no discernible pattern, representing the random dis-
turbances in the signal that are difficult to model. This de-
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composition method successfully disentangles the signal's
trend, periodicity, and randomness, thereby reducing the
data's complexity and laying the foundation for the subse-
guent work.

4.3. Comparison and Analysis of Experimental
Results

In order to systematically evaluate the effectiveness of the
VMD-XLSTM model proposed in this paper, we designed a

series of comparative experiments and ablation experiments.

Overall comparison experiment

The comparative experiment compared the VMD-XLSTM
model with the LSTM, xLSTM, and VMD-LSTM models,
all of which performed short-term forecasting tasks on the
experimental dataset mentioned above. The prediction results
of each model were compared with the actual data values.
Figure 5 shows a comparison of the prediction results of each
model with the actual values.

166 Compar ison of model predictions with actual values
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Figure 5. Comparison of model predictions with actual value.

As can be seen from the prediction results curve in Figure
5, the VMD-xLSTM model's prediction curve closely
matches the actual value curve in terms of overall trend and
local details, intuitively demonstrating its superior prediction
capabilities compared to the other three models.

To evaluate the model's performance, this paper selects
five error metrics: Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), Mean Squared Error (MSE), Mean
Absolute Percentage Error (MAPE), and Symmetric Mean

Absolute Percentage Error (SMAPE). These metrics serve to
quantitatively assess the model's predictive accuracy and
provide a data-driven basis for performance comparison
among the different models. Among these indicators, the
units for RMSE, MAE, and MSE are the same as those of the
electricity consumption data in the dataset (1000*kWh),
while MAPE and SMAPE are expressed as percentages. The
calculated results for each metric are presented in Table 1.

Table 1. Error metrics values of different models.

Model RMSE MAE
LSTM 27471.67 19925.56
XLSTM 26229.34 18432.50
VMD-LSTM 10819.03 7565.13

MAPE SMAPE
2.32% 2.32%
2.15% 2.15%
0.90% 0.90%
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Model RMSE MAE

VMD-XLSTM 10463.48 7310.94

As the data in Table 1 indicates, the VMD-XLSTM model
achieves the lowest values across all error metrics among the
compared models. For instance, its SMAPE of 0.86% is sig-
nificantly lower than all other models, proving its superior
prediction accuracy.

To further validate the individual contributions of the
VMD decomposition and the XLSTM network to the model's
performance, this paper conducts the following ablation ex-
periments based on the results in Table 1.

Ablation Experiment 1: To verify the effectiveness of the
VMD decomposition algorithm, this study compared the
performance of "decompose-forecast” hybrid counterparts
against their standalone models by conducting two sets of
comparisons: LSTM vs. VMD-LSTM, and XLSTM vs.
VMD-XLSTM. The results clearly show that after integrating
the VMD algorithm, the hybrid models exhibit lower error
metrics across the board, indicating a significant improve-
ment in prediction accuracy. The SMAPE of VMD-LSTM
decreased by 1.43% compared to the standalone LSTM
model, while VMD-XLSTM's SMAPE decreased by 1.29%
compared to XLSTM. This fully demonstrates that by de-
composing a complex series into more stationary sub-series,
VMD effectively reduces data non-stationarity and noise
interference, thereby significantly enhancing the model's
predictive performance.

Ablation Experiment 2: To prove the superiority of
XLSTM networks over LSTM, this study confirmed that re-
placing the traditional LSTM with XxLSTM further boosts
prediction accuracy by comparing the results of (LSTM vs.
XLSTM) and (VMD-LSTM vs. VMD-XLSTM). The SMAPE
of XLSTM was 0.18% lower than that of LSTM. Similarly,
the SMAPE of VMD-XLSTM (0.86%) was also superior to
that of VMD-LSTM (0.90%). This confirms that XLSTM,
with its improved gating and memory mechanisms, more
effectively captures long-range dependencies and critical
abrupt changes within the time series.

In summary, whether considering the curve fitting of the
predictions or the quantitative error metrics, the proposed
VMD-XLSTM model consistently demonstrates optimal
performance. The ablation studies also clearly prove the cru-
cial roles of both the VMD decomposition and the XLSTM
network in enhancing the model's overall prediction accuracy,
validating the advanced nature and effectiveness of this hy-
brid model.

5. Conclusions

To achieve high-precision short-term electricity forecasting,
this paper proposed a model based on VMD-XLSTM. The
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MAPE SMAPE

0.86% 0.86%

advantages of this model are twofold:

1) The model utilizes the VMD algorithm to decompose the
original power load series, which effectively mitigates
the data’'s non-linearity and high volatility, thereby re-
ducing subsequent modeling complexity.

2) It leverages the superior performance of the XLSTM net-
work in capturing long-term temporal dependencies and
storing information to forecast each component accurately,
ultimately enhancing overall prediction accuracy.

The experimental results fully demonstrate the effective-
ness and advanced nature of the proposed model. The
VMD-XLSTM model performed optimally across multiple
error evaluation metrics, including RMSE, MAE, MAPE, and
SMAPE. Furthermore, through ablation studies, we con-
firmed that both key modules—VMD decomposition and the
XLSTM network—contributed to the enhancement of the
model's overall performance.

Despite the promising results achieved by this model, there
remains room for improvement:

1) The current study shows that the model's forecasting per-
formance on the residual component is suboptimal. Further
decomposition of the residual to extract more effective in-
formation could enhance the overall prediction accuracy.

2) The current research is based on a univariate time-series
forecast using only historical electricity consumption
data. In reality, electricity consumption is influenced by
a combination of climatic factors (e.g., temperature) and
socio-economic factors (e.g., holidays and policies).
Therefore, future research can focus on developing a
multivariate forecasting model. By incorporating ex-
ternal features such as meteorological data and so-
cio-economic indicators, it may be possible to uncover
deeper underlying correlations and achieve further im-
provements in prediction accuracy.

Abbreviations

VMD Variational Modal Decomposition

XLSTM extended Long Short-Term Memory Network
SMAPE  Symmetric Mean Absolute Percentage Error
LSTM Long Short-Term Memory Network

EMD Empirical Mode Decomposition

ARMA Autoregressive Moving Average

ARIMA  Autoregressive Moving Average

SARIMA  Seasonal ARIMA

RF Random Forest

SVM Support Vector Machine

LSSVR Least Squares Support Vector Regression
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Recurrent Neural Networks
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