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ABSTRACT

Accurate Wind Speed Forecasting (WSF) is important for managing the wind energy, improving the
turbine performance, and maintaining the power grid stability. This study proposes a new hybrid model
that combines Variational Mode Decomposition (VMD) with Log-Sparse Transformer (LogTrans), a
Transformer-based Deep Learning (DL) model that uses log-sparse attention to better capture the patterns
in time-series data. VMD is used to break down the original Wind Speed (WS) signal into several simpler
components, making it easier for the forecasting model to learn meaningful patterns. These components
are then processed by the LogTrans model to make accurate predictions. The model is tested using WS
data collected from Garden City, and its performance is evaluated at 5-min, 10-min, and 30-min
forecasting intervals. The results show that the proposed VMD-LogTrans model gives more accurate and
reliable predictions than benchmark DL models and other hybrid approaches. The proposed model offers
an efficient solution for short-term WSF and can help improve the integration of wind energy into the
power systems.
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atmospheric and geographical factors [1]. This complexity

I. INTRODUCTION
ODUCTIO necessitates the use of advanced modeling techniques capable

A. Background

Accurate WSF is crucial for the efficient integration of the
wind energy into modern power systems. As a sustainable
energy source, the wind power poses challenges due to its
variability and intermittency, affecting the grid reliability and
turbine performance. Precise forecasting enables better turbine
control, power dispatch scheduling, and grid stability.

However, WS is a highly complex, nonstationary, and
stochastic time-series signal influenced by a variety of

of capturing the intricate temporal dependencies, fluctuating
patterns, and non-linear behaviors that occur across multiple
time scales. Moreover, effective WSF models must be
adaptable to exogenous inputs, such as temperature, pressure,
and humidity, which significantly impact the wind dynamics

[2].

Advances in Machine Learning (ML) and DL have proven
effective in electrical engineering tasks, such as load
forecasting, microgrid control, and machinery diagnostics.

www.etasr.com

Bommidi et al.: Hybrid Time-Series Forecasting with VMD and LogTrans for Wind Energy Applications



Engineering, Technology & Applied Science Research

Vol. 15, No. 5, 2025, 26820-26826 26821

Studies have demonstrated over 97% accuracy in electricity
load prediction [3], improved PID control using LSTM in
microgrids [4], and reliable fault detection in rotating
machinery using SVM and ensemble methods [5]. The findings
support the application of ML/DL in WSF.

B. Related Work

To address the aforementioned challenges, research has
turned to hybrid forecasting frameworks that combine powerful
DL architectures with robust signal decomposition methods.
DL models, such as Convolutional Neural Networks (CNNs)
[6], Recurrent Neural Networks (RNNs) [7], Long Short-Term
Memory (LSTM) neural networks [8], Bidirectional LSTMs
(BIiLSTMs) [9], and Transformer-based models [10] have been
proved promising due to their capacity to learn complex
features and long-range dependencies in time-series data.
CNNs excel at extracting local features and spatial patterns
from input sequences, while RNNs and LSTM variants are
well-suited for modeling the sequential dependencies and
temporal correlations. Authors in [11] reviewed the use of ML
and DL methods for Wind Energy Forecasting (WEF),
focusing mainly on standalone neural models with limited
discussion on the signal decomposition or hybrid approaches.
In [12], a dedicated survey on RNNs and their variants,
including LSTM, GRU, and Bidirectional RNNs was
performed, in the context of WEF.

To improve the robustness and forecasting accuracy, DL
models are often combined with signal decomposition
techniques, such as Empirical Mode Decomposition (EMD)
[13], VMD [14], and wavelet transforms [15]. These methods
break down the WS signals into components with distinct
frequency and temporal traits, enhancing the input
representation. When integrated with DL models, such hybrid
approaches, they yield more accurate and reliable forecasts. In
[16], the effectiveness of combining EMD with Al algorithms
for WS prediction is highlighted.

Authors in [17, 18] combined VMD with neural networks,
like CNNs, TCNs, and Transformers to enhance WSF. These
hybrid models decompose the signals into modes for improved
temporal feature extraction, particularly in multi-step
forecasting. The proper tuning of the VMD parameters, like the
number of modes and penalty factors, is crucial for effective
decomposition and accuracy.

Research has explored advanced EMD variants, like EEMD
and CEEMDAN, to overcome limitations, such as the mode
mixing and end effects. These methods are often combined
with DL for a more robust forecasting. For example, authors in
[19] deployed a CEEMD-BiLSTM-Transformer hybrid to
capture both the short- and long-term dependencies, while
authors in [20] proposed a CEEMDAN-CNN-Transformer
model, where CNNs extract features from decomposed modes
before the Transformer-based temporal modeling.

Similarly, authors in [21] proposed a VMD-Transformer
model for multi-horizon WSF, leveraging the Transformer's
contextual processing of decomposed features. Authors in [22]
introduced a framework combining Improved EMD (IEMD)
with an enhanced Transformer, reflecting the ongoing advances
in decomposition and neural architectures. In [23], a hybrid

CNN-GRU model outperformed traditional and DL methods
for short-term electricity consumption forecasting, improving
the accuracy and smart grid resource management.

The LogTrans [24] model enhances time series forecasting
by addressing two key Transformer limitations: poor local
pattern recognition and high memory usage. These are critical
in WSF, where data are of high-frequency, noisy, and involve
both short-term fluctuations and long-term cycles. While RNNs
and LSTMs struggle with long-term dependencies and standard
Transformers face quadratic memory issues, LogTrans
introduces two innovations. Initially, the convolutional self-
attention uses causal convolutions to improve the local trend
detection. Second, the LogSparse attention reduces the memory
complexity from O(L?) to O(L(log L)?), enabling efficient long-
sequence modeling while preserving long-range dependencies.

This study proposes a novel hybrid WSF model that
integrates VMD with LogTrans, a Transformer variant
employing log-sparse attention to efficiently capture the long-
range temporal dependencies. In this study, a total of 8,640 WS
samples were used for each time interval. The data were
collected from the National Renewable Energy Laboratory
(NREL) website for the Garden City site [25]. VMD
decomposes the WS signal into IMFs, isolating the frequency
components and mitigating the signal nonstationarity. These
components are then modeled using LogTrans for accurate
temporal feature extraction with a reduced computational cost.
The model is evaluated over 5-min, 10-min, and 30-min
forecasting  horizons, consistently outperforming the
conventional DL and hybrid models, and offering a robust,
scalable solution for improved WSF.

II. PROPOSED HYBRID MODEL FOR WSF

A. Denoising Wind Speed Data Using VMD

In WSF, the raw data often contain non-stationary, noisy,
and multi-scale components that hinder the model accuracy. To
mitigate this issue, VMD is used as a preprocessing step to
denoise and extract intrinsic signal components. VMD
adaptively decomposes the input signal into a predefined
number of sub-signals, each with limited bandwidth and
centered on specific frequencies.

The decomposition task in VMD is framed as a constrained
variational optimization problem, aiming to find a set of mode
functions {u; (f)} and their corresponding center frequencies
{w;j} that collectively reconstruct the original signal. The
optimization problem is expressed as:

R [ CORSTS O P RS
subject to Z;zluj ) =x()

where d(t) is the Dirac delta function, * denotes convolution,
and Or represents the time derivative. To solve this, an
augmented Lagrangian is introduced:
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where o is a quadratic penalty factor, and A(t) is the Lagrangian
multiplier. The solution involves iteratively updating each
mode function u; and its center frequency wj; in the frequency
domain using the method of multipliers:

(W) =Tk T (W) +2(W)/2

~An+1l —

U (w) = 1+2a(w-wj)? 3)
feow|1’i-(w)|2dw

W]_n+1 - 00.%1—2 4)
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These iterations continue until convergence is achieved by
decomposing the input WS signal into multiple IMFs, with
VMD effectively separating low-frequency trends and high-
frequency noise. The low-frequency components (e.g., IMF1)
typically capture the dominant signal behavior, while the high-
frequency components (e.g., IMF4 and above) often represent
noise or transient fluctuations. Selecting and reconstructing the
relevant IMFs enables the denoising of theWS data.

B. WSF using LogTrans Model

In this study, the LogTrans architecture is used for WSF to
effectively capture both the short-term fluctuations and long-
term seasonal dependencies inherent in wind patterns. Given a
collection of univariate WS time series {y;1.,}j=1, Where
Yj: € R represents the WS at time ¢ for site j, and
corresponding  time-based ~covariates {y; 1.ro4+7}j=1 » the
objective is to forecast the WS over the next 7 time steps.

p(yj,t0+1:t0+‘r|yj,1:t0,xj,1:t0+‘r; CD) =
Hiiﬁjﬂ p(yj,t|yj,1:t—1,xj,1:t; CD) 5

where @ denotes the model parameters, which defines the input
at each time step as a concatenation of the previous WS and
covariates:

u = [y-1 © u] € R**? (6)
and the sequence input to the model is:

v uty]T € REX@FD

The LogTrans model enhances the canonical Transformer
by introducing two key innovations: convolutional self-
attention and LogSparse attention. The self-attention
mechanism, rather than computing queries Q and keys K using
simple linear projections, is generated using causal convolution
with kernel size k, and is denoted as:

Ut = [ul, uz, T

Q = Conv, (Y)W, @)
K = Conv, (Y)W 8)
V=YW, ©)

where Wy, Wk, and Wy are learnable weights. The use of causal
convolution ensures that the attention mechanism captures the
local context, improving the sensitivity to sudden changes or
anomalies in WS patterns. To overcome the quadratic memory

bottleneck in standard Transformers, LogTrans replaces full
attention with a logarithmically sparse attention pattern, where
each position / attends only to a subset of previous positions
defined as:

Jy = {1 —2feg=l | —2lleg2li=1" " 111} (10)

This leads to a total attention cost of O (L (log L)?) for a
sequence of length L, allowing the efficient modeling of long
sequences, which iscritical in high-resolution wind datasets.

Data Prt;[l)ll;lecessing
Data Normalizaition

VMD Decompositon

LogTrans
Modeling

y

Combination of
Predictions

!

Wind Speed
Forecasts

Fig. 1. The flowchart of the proposed hybrid model.

The final output layer of the model predicts the parameters
(e.g., mean , standard deviation o;) of a Gaussian distribution.
At this point forecasts or probabilistic intervals can be derived:

Ve ~ N(ug, Utz) (11)

The model is trained by maximizing the log-likelihood over
all prediction steps using:

L= Z?=1 Z?:;:H logp(yj,t|yj,1:t—1,xj,1:t; CD) (12)

This methodology enables LogTrans to learn rich temporal
dependencies and localized patterns in WS time series, offering
a scalable and accurate solution for short-term and long-term
WSEF tasks.

Figure 1 illustrates the flow of the proposed hybrid model.
WS data are first preprocessed and normalized, then
decomposed into several IMFs using VMD. Each IMF, being
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more stationary, is forecasted individually using the LogTrans
model, which leverages the log-sparse attention to capture the
long-term dependencies. A trial-and-error approach is
employed to determine the optimal hyperparameters of the
proposed model, ensuring the best forecasting performance.
The final WS forecast is obtained by summing the predicted
IMFs. The LogTrans model uses 2 encoder layers, each with 3
attention heads and an embedding dimension of 64. The kernel
size is set to 3. The model has been trained using the Adam
optimizer with a learning rate of 0.001 and batch size of 32.
This integration of VMD and LogTrans enables a more
accurate and efficient forecasting process by combining signal
simplification with advanced sequence modeling.

III. RESULTS AND DISCUSSION

This study compares several DL models for forecasting WS
at 5-min, 10-min, and 30-min intervals. Tables I-III present the
WSEF results of the proposed, individual, and hybrid models at
5-min, 10-min, and 30-min intervals, respectively. A detailed
comparison of the model performance across different
forecasting horizons is provided, highlighting the effectiveness
of the proposed approach in various time frames.

TABLE L WSF RESULTS OF THE PROPOSED, INDIVIDUAL,
AND HYBRID MODELS AT THE 5-MIN INTERVAL

Model RMSE MAE MSE NEI;OI;E R
ANN 0.4839 0.4051 0.2341 6.89 0.9675
CNN 0.4489 0.3578 0.2015 5.76 0.9731
LSTM 0.5044 0.3812 0.2544 6.46 0.9587
BiLSTM 0.5178 0.3979 0.2681 6.94 0.9609
TCN 0.4297 0.3515 0.1847 5.94 0.9720
Trans 0.3593 0.2833 0.1291 4.55 0.9678
LogTrans 0.3071 0.2322 0.0943 4.14 0.9720
VMD-ANN 0.4351 0.3636 0.1893 5.99 0.9744
VMD-CNN 0.2940 0.2422 0.0865 3.70 0.9783
VMD-LSTM 0.3003 0.2489 0.0902 3.92 0.9775
VMD-BIiLSTM 0.2741 02114 0.0751 3.38 0.9772
VMD-TCN 0.2587 0.2028 0.0669 3.15 0.9729
VMD-Trans 0.2231 0.1715 0.0498 2.87 0.9719
Proposed 0.1922 0.1581 0.0369 2.37 0.9769

Among all individual models, LogTrans consistently
delivered the most accurate results across all forecasting
intervals, outperforming the next-best Transformer model. At
the 5-min interval, LogTrans achieved lower errors (RMSE:
0.3071, MAPE: 4.14%) compared to the Transformer (RMSE:
0.3593, MAPE: 4.55%), with similar R? values. As the interval
increased to 10 and 30 min, LogTrans maintained its advantage
with lower errors and a stronger correlation with actual WS
values. This indicates its effectiveness in capturing the short-
term patterns and seasonal trends. Among the hybrid models,
VMD-LogTrans emerged as the most effective across all
horizons. At the 5-min interval, it recorded the lowest error
values with an RMSE of 0.1922, MAE of 0.1581, MSE of
0.0369, MAPE of 2.37%, and a high R? of 0.9769, indicating
excellent short-term prediction accuracy. As the forecast
horizon extended to 10 min, the model maintained a robust
performance, with RMSE increasing slightly to 0.2460, MAE
to 0.1995, MSE to 0.0605, and MAPE to 2.46%, while still
achieving a high R? of 0.9734.

TABLE II. WSF RESULTS OF THE PROPOSED, INDIVIDUAL,
AND HYBRID MODELS AT THE 10-MIN INTERVAL

Model RMSE | MAE MSE MAPE (%) R’
ANN 0.8049 | 0.6294 0.6479 7.58 0.9129
CNN 0.8805 | 0.6436 0.7753 8.18 0.9175
LSTM 0.6908 | 0.5268 0.4772 6.71 0.9219
BiLSTM 0.6266 | 0.4419 0.3927 5.70 0.9325
TCN 0.5726 | 0.4068 0.3279 5.13 0.9471
Trans 0.5192 | 0.3590 0.2696 447 0.9486
LogTrans 0.4878 | 0.3358 0.2379 4.33 0.9552
VMD-ANN 0.7001 | 0.6328 0.4901 8.52 0.9344
VMD-CNN 0.5960 | 0.4945 0.3552 6.31 0.9443
VMD-LSTM 0.5018 | 0.3747 0.2518 4.69 0.9570
VMD-BIiLSTM 0.3931 | 0.3188 0.1545 4.14 0.9670
VMD-TCN 0.3675 | 0.2754 0.1350 3.59 0.9638
VMD-Trans 0.2931 | 0.2191 0.0859 2.79 0.9665
Proposed 0.2460 | 0.1995 0.0605 2.46 0.9734

14 —— Original

Proposed model

101

Wind speed
®

—— Original
Proposed model

-
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Wind speed
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& 0 ®
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15.01 —— Proposed model

125

Wind speed

Time

()

Fig. 2. Forecasting results of proposed model: (a) 5 min WSF, (b) 10 min
WSEF, (c) 30-min WSF.

At the 30-min interval, where forecasting becomes more
challenging due to increased uncertainty and variability in the
wind patterns, VMD-LogTrans continues to lead, with an
RMSE of 0.4255, MAE of 0.3582, MSE of 0.1810, and MAPE
of 5.95%, along with a solid R? of 0.9520. These results are
significantly better compared to traditional models, like CNN,
which suffers a drastic drop in performance at 30 min, showing
an RMSE of 2.2451, MAPE of 50.95%, and a poor R? of
0.6356. The consistent superiority of VMD-based models—
especially VMD-LogTrans—demonstrates that decomposing
WS time series into IMFs allows the model to better capture
the nonlinearities and fluctuations, making the data more
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interpretable and learnable for deep architectures. This is
particularly important in wind energy applications, where
accurate forecasting is critical for operational planning, turbine
control, and integration into power systems. The results
confirm that VMD-LogTrans is a powerful approach for
enhancing the accuracy and reliability of WSF across different
time horizons.

— original  —— VMD-CNN VMD-BILSTM  —— VMD-TF
VMD-ANN ~ —— VMD-LSTM VMD-TCN — Proposed model
14
Ty
EIO
FE]
B
=,
I 16
é 14
012
B
&
.;E 5
4
s
E
§10
3
0 20 40 60 80 100
Time
Fig. 3. Forecasting results of all hybrid models.
TABLE IIL. WSF RESULTS OF THE PROPOSED, INDIVIDUAL,
AND HYBRID MODELS AT THE 30-MIN INTERVAL
Model RMSE | MAE MSE MAPE (%) )
ANN 1.6920 | 1.4362 | 2.8629 23.14 0.7731
CNN 2.2451 | 1.7872 | 5.0406 50.95 0.6356
LSTM 1.1689 | 0.8794 | 1.3664 15.94 0.8470
BiLSTM 1.2468 | 09162 | 1.5544 18.86 0.8253
TCN 1.1324 | 0.8310 | 1.2824 15.31 0.8682
Trans 1.0385 | 0.6853 1.0786 13.63 0.8903
LogTrans 1.0040 | 0.6428 1.0080 12.27 0.9038
VMD-ANN 0.8215 | 0.6920 | 0.6748 12.68 0.8674
VMD-CNN 0.8758 | 0.7021 | 0.7670 14.49 0.8190
VMD-LSTM 0.5495 | 0.4470 | 0.3019 8.20 0.9142
VMD-BIiLSTM | 0.6910 | 0.5833 | 0.4775 10.46 0.9173
VMD-TCN 0.5290 | 0.4385 | 0.2799 7.76 0.9293
VMD-Trans 0.4650 | 0.3736 | 0.2162 6.59 0.9317
Proposed 0.4255 | 0.3582 | 0.1810 5.95 0.9520

When comparing the VMD-LogTrans model with the
second-best hybrid model, VMD-Transformer, it becomes clear
that both models benefit from VMD, but LogTrans is still more
accurate. At all three intervals—5 min, 10 min, and 30 min—
VMD-LogTrans consistently gave lower error values and
higher R? scores than the VMD-Transformer. For example, at
the 10-min interval, VMD-LogTrans had an RMSE of 0.2460
and an MAPE of 2.46%, while VMD-Transformer had an
RMSE of 0.2931 and an MAPE of 2.79%. At the 30-min

interval, the difference remained in favor of VMD-LogTrans.
This shows that while both models are improved by using
VMD, LogTrans is better at learning from the decomposed WS
data and is more reliable for forecasting across different time
scales. Figure 2 displays the forecasting results of the proposed
model in comparison with the original WS data, while Figure 3
illustrates the forecasting results of all hybrid models, including
the proposed model, alongside the original data.

5 mins
0.50
——RMSE - MAE —e—MSE
0.40
0.30
0.20
0.10 \——‘\“_‘_“\‘
0.00
0 1 2 3 4 5 6 7 8
10 mins
0.80
0.90 —e—RMSE —e—MAE —e—MSE
0.60
0.50
0.40
0.30
0.20
0.10
0.00
o 1 2 3 4 5 6 7 8
30 mins
1.00
—e—RMSE —e—MAE —e—MSE
0.80
0.60
0.40
0.20
0.00
o 1 2 3 4 5 6 7 8
Fig. 4. Comparative analysis of hybrid models.

Figure 4 presents a comparative analysis of different VMD-
based hybrid models for 5-min, 10-min, and 30-min WSF,
using RMSE, MAE, and MSE as performance metrics. Each
point on the x-axis corresponds to a specific model, ranging
from VMD-ANN (1) to VMD-LogTrans (7). The overall trend
across all three metrics—RMSE (green), MAE (red), and MSE
(blue)—shows a consistent decline while moving from VMD-
ANN to VMD-LogTrans, indicating a progressive
improvement in the forecasting accuracy.

In summary, among the individual models tested, LogTrans
delivers the most accurate WS forecasts. When integrated with
VMD, the resulting VMD-LogTrans model consistently
outperforms the other approaches in terms of accuracy and
reliability. This is especially important in wind energy
applications, where accurate forecasts help in planning,
controlling turbines, and integrating wind energy into the
power system.
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The model training was conducted on Google Colab, where
the VMD-LogTrans model required approximately 24 s per
epoch. For the comparison, the standard Transformer incurs a
time and memory complexity of O(L?) due to its full self-
attention across all token pairs. In contrast, LogTrans
significantly improves efficiency by using a LogSparse
attention pattern, reducing the complexity to O(L (log L)?). This
reduction led to noticeably lower memory usage and faster
execution, particularly when handling longer input sequences.

This reduced computational and memory demand enabled
LogTrans to train more efficiently, especially on longer
sequences, and contributed to the observed speed and resource
benefits during the experiments.

IV. CONCLUSIONS

This study presented a comprehensive evaluation of various
Deep Learning (DL) models for short-term Wind Speed
Forecasting (WSF), focusing on individual models and their
hybrid forms integrated with Variational Mode Decomposition
(VMD). Among the individual models, Log-Sparse
Transformer (LogTrans) consistently outperformed others
across all forecasting horizons, demonstrating a superior ability
to capture the temporal dependencies and nonlinear trends in
WS data. When combined with VMD, the forecasting accuracy
of these models improved significantly, with the hybrid VMD-
LogTrans model achieving the best overall performance. This
model achieved the lowest error rates and highest R? score
values at 5-min, 10-min, and 30-min intervals, indicating a
strong predictive power and robustness across multiple time
scales.

These findings are consistent with established research
trends that show how combining the signal decomposition
methods with DL enhances the forecasting accuracy. By
isolating the frequency components and simplifying the input
signal, the decomposition techniques allow deep models to
learn more effectively. The proposed VMD-LogTrans model
builds upon this approach and demonstrates improved
accuracy, especially at longer forecasting horizons where
traditional models often struggle.

Finally, the proposed model offers a reliable and scalable
solution for multi-horizon WSF, supporting more accurate
operational planning, improved turbine control, and effective
integration of the wind energy into power systems.
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