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Abstract: Global energy demand keeps rising amid economic expansion and population growth.
Although renewables like wind and solar have grown fast, fossil fuels (especially petroleum) remain
central to the global energy mix, underpinning industry, households, policy, and stability. This
article presents an improved hybrid forecasting framework, denoted as the VMD-WTD-GRU model
with mode-specific denoising, for daily average petroleum consumption, which adopts a two-stage
decomposition-targeted denoising strategy. The framework combines the models of variational mode
decomposition, wavelet threshold denoising, and the gated recurrent unit networks for petroleum
energy forecasting, where different models are designed for time-series data decomposition, noise
elimination, sub-series forecasting, and integration, respectively. In general, the proposed hybrid
model has achieved excellent predictive performance on multiple evaluation indicators when compared
with several candidate models, especially demonstrating that the mode-specific denoising strategy
can effectively reduce noise interference while preserving useful trend information in low-frequency
components. Such a framework can be easily implemented to forecast petroleum consumption in real
application scenarios.
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1. Introduction

At present, the global energy landscape is changing rapidly. As the problem of global climate
change becomes increasingly severe, countries have been increasing their efforts to develop and use
renewable energy, and the global energy consumption structure has been gradually optimized.
Although renewable new energy such as solar power, wind power, and hydropower have developed
quickly, petroleum, natural gas, and coal are still important supports of the global energy system.
Their consumption accounts for more than 80% of total primary energy consumption [1]. At the same
time, international energy cooperation and competition have become increasingly intense. The
geopolitical pattern has also become more complex and changeable. In the international energy
market, unstable factors such as petroleum price fluctuations and supply chain risks have increased,
and the global distribution of energy remains uneven. In particular, crude petroleum demand in Asia
has continued to rise, and the supply–demand gap has kept widening due to limits in production
capacity and resource endowment. By contrast, the Atlantic Basin has faced the problem of excess
production capacity. The global energy market’s stability has been considerably impacted by these
factors. Therefore, accurate forecasting of petroleum consumption has important practical
significance. For government departments, energy forecasting can help ensure energy security and
support the formulation of reasonable energy policies. For enterprises, it can provide a basis for
production planning and procurement decisions. For people’s livelihoods, it can help reduce the
economic impact caused by fluctuations in energy prices.

In traditional energy consumption forecasting research, conventional time-series approaches
including autoregressive integrated moving average (ARIMA), vector autoregression (VAR), and
generalized autoregressive conditional heteroskedasticity (GARCH) are widely used, with notable
advantages in handling stationary data. However, petroleum consumption time-series data usually
contain problems such as nonlinearity and nonstationarity. Traditional time-series methods such as
ARIMA generally require the mean and variance of the sequence to remain stable, and this
requirement restricts their forecasting performance in practical applications. This limitation was
especially evident during the COVID-19 pandemic, when global petroleum demand fell by about 9%,
and the subsequent recovery speed differed greatly across regions. As a result, traditional models
found it difficult to accurately analyze such structural changes. Although the GARCH model can
describe volatility clustering to some extent, it still has limitations in analyzing market behavior when
multiple factors, such as geopolitical conflicts and OPEC production adjustments, act at the same
time [2].

Machine learning and deep learning have gained wide attention and have been applied in energy
forecasting in the past few years. In particular, long short-term memory networks (LSTMs) can extract
and learn changing trends and feature information from different periods of the data, thereby producing
more accurate forecasting outputs. Plenty of existing studies have demonstrated the forecasting ability
of LSTMs in different energy scenarios. For example, Zhang et al. [3] developed an LSTM network-
based forecasting model, which was applied to predict the evolution of groundwater level in regions
with intensive agricultural production. The model effectively captured hydrological cycle patterns
over a multiyear scale, and its forecasting accuracy was 15% higher than that of ARIMA. Huang et
al. [4] found that LSTM networks could control the output forecasting error of wind farms within 5%
by modeling the interaction between wind turbine degradation processes and meteorological patterns.
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Deng et al. [5] found that an LSTM-based forecasting framework could reduce the forecasting error of
industrial electricity consumption by 33%.

However, the forecasting performance of directly applying deep learning models remains limited.
This is mainly because actual energy consumption series are often affected by seasonal cycles,
long-term trends, and random shocks, which lead to nonlinear, nonstationary, and highly fluctuating
characteristics, such as high-frequency noise and irregular fluctuations [6]. These factors may weaken
the ability of deep learning models to extract effective temporal features and generate accurate
forecasts. To address this problem, hybrid forecasting frameworks that combine data preprocessing
techniques with learning models have been widely investigated in energy forecasting. For example,
Sun et al. [7] combined wavelet packet decomposition (WPD) with optimized artificial neural
networks (ANNs) for short-term wind power forecasting and achieved lower forecasting errors than a
single model. In addition, variational mode decomposition (VMD)-based hybrid models have been
applied to energy-related forecasting tasks, such as electricity consumption forecasting and residential
load forecasting [8, 9]. More recently, several studies have further combined wavelet-based denoising
or decomposition with VMD to improve the quality of forecasting inputs in photovoltaic power
forecasting and short-term power load forecasting [10,11]. These studies indicate that decomposition-
and denoising-based hybrid frameworks can improve the feature representation of complex energy
time series and enhance forecasting performance. Nevertheless, existing decomposition denoising
studies still have two key limitations. First, the residual component generated after VMD
decomposition is often either ignored or directly fed into the forecasting model without specific
treatment. Moreover, most studies do not adopt differentiated strategies for high-frequency,
low-frequency, and residual components but instead apply a uniform processing pipeline to all modes.
Such an undifferentiated processing strategy may overlook the heterogeneous characteristics of
different components, thereby limiting the forecasting accuracy of the hybrid model.

To address the above problems, this paper proposes a variational modal decomposition-wavelet
threshold denoising-gated recurrent unit (VMD-WTD-GRU) hybrid model with mode-specific
denoising for regional petroleum consumption forecasting. First, VMD is used to decompose the
original petroleum consumption series into multiple intrinsic mode function (IMF) components and
one residual component, thereby extracting temporal patterns at different frequency scales. Then,
WTD is selectively applied to high-frequency IMF components and the residual component, and
low-frequency components are retained to preserve the main trend information. After that, each
processed component is separately input into a GRU model for forecasting, and the forecasting
outputs of all components are accumulated to reconstruct the final predicted value. The main
contributions of this paper are summarized as follows. (1) A VMD-WTD-GRU hybrid forecasting
model with mode-specific denoising is proposed for nonstationary and highly fluctuating daily
petroleum consumption forecasting. (2) Different from conventional full-component denoising
strategies, the proposed model selectively denoises high-frequency and residual modes, retaining
low-frequency components to preserve the main trend of petroleum consumption. (3) The
effectiveness of the proposed mode-specific denoising strategy is evaluated through comparative
experiments with single models, variational mode decomposition (VMD)-based hybrid models, and
denoising-enhanced hybrid models. Statistical testing is further conducted to verify the significance of
forecasting improvements. (4) The proposed model is applied to regional daily petroleum
consumption forecasting, demonstrating the applicability of decomposition–denoising-based hybrid
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forecasting methods in petroleum consumption prediction and providing methodological support for
petroleum demand forecasting and regional energy management.

The rest of this paper is organized as follows. In Section 2, the literature review summarizes the
advantages and limitations of various time series prediction models and signal decomposition
techniques. Section 3 introduces the overall structure and implementation process of the proposed
VMD-WTD-GRU hybrid model with mode-specific denoising. Section 4 presents the experimental
analysis, including data sources, statistical analysis, evaluation metrics, and comparative analysis of
model forecasting results. Section 5 summarizes the whole paper, and discusses its application effects
in energy management and future research directions.

2. Literature review

2.1. Traditional methods for energy consumption forecasting

Reliable consumption forecasts play an important role in supporting energy planning, infrastructure
investment, and long-term urban development. At present, many simple and easy-to-interpret time-
series and regression models are frequently used for forecasting. Among them, the ARIMA model has
performed reasonably well in fitting the linear trend. For instance, Pappas et al. [12] found that the
ARIMA model was better than other time-series models for forecasting electricity use in Greece. In
practice, energy consumption data often contain nonlinear changes, seasonal effects, and random noise.
These features are difficult for ARIMA to fully represent, especially when the dataset is incomplete or
uneven in quality, as may occur in regions such as Iran [13].

At the same time, many neural network algorithms have been applied to the problem of energy
consumption forecasting to improve accuracy. Azadeh et al. [14] developed an ANN-based method for
renewable energy consumption estimation, and it achieved an accuracy of 99%. New forms of ANN
have also shown better results in short-term forecasting. Bai et al. [15] improved the backpropagation
neural network by adding a forecasting lead time adjustment, and both the accuracy and speed of
forecasting were significantly increased. Ruiz et al. [16] built an optimized Elman neural network
model for the area of public building energy forecasting; it can handle nonlinear changes in energy use
better than the conventional methods.

Fuzzy logic is also widely used for energy consumption forecasting. Although ANN can model
nonlinear relations, they are more prone to overfitting and local minima convergence with small
datasets. The adaptive neuro-fuzzy inference system (ANFIS) offers a useful way to link data-driven
learning with fuzzy rule-based reasoning, making it suitable for energy forecasting problems where
both nonlinear behavior and uncertainty are present. Hybrid models that combine linear and nonlinear
structures have also been explored to better represent complex consumption patterns. Zhang [17] first
proposed a two-stage hybrid framework to separate the linear (ARIMA) and nonlinear (ANN) parts of
time series. Wang et al. [18] developed an ARIMA-ANN model to better describe the mixed structure
of time-series data. The model first used ARIMA to extract the linear structure of the series, and then
applied an ANN to learn the nonlinear residual information. The model achieved better results on
different datasets, thereby improving the representation of complex temporal dynamics. Barak and
Sadegh [19] used ANFIS-based hybrids to reduce the forecasting error of ARIMA by fitting the
residual nonlinearity.
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2.2. Deep learning models for energy consumption forecasting

With the increasing complexity of energy consumption data, deep learning models have also
gradually become widely used as an important research direction in the field of energy consumption
prediction. In particular, recurrent neural networks (RNNs), LSTM, GRU, and their improved models
have become important methodological approaches for energy consumption forecasting. Shabbir et
al. [20] proposed an algorithm based on RNNs to predict energy consumption and production in
Estonia, and its root mean square error (RMSE) was reduced by 12.3% compared with conventional
forecasting methods. Ma et al. [21] designed a bidirectional GRU and Mogrifier LSTM that can
dynamically adjust the intrinsic mode function, which improves the stability of port power load
forecasting by 17.6%. Evolutionary optimization techniques have further improved the network
performance. Sharma et al. [22] developed a deep learning model based on causality-based deep
learning model and proved that the LSTM model is superior to other methods. Shin and Woo [23]
studied and compared the performance of random forest, xgboost, and LSTM in the prediction of
energy consumption in Korea and found that LSTM had better accuracy.

Apart from the previously stated RNN, and LSTM models, other deep learning models have also
been explored for energy consumption forecasting. Dedinec et al. [24] developed a load forecasting
model based on deep belief networks (DBN), which effectively improved the model’s forecasting
performance. Dong et al. [25] combined K-nearest neighbors (KNN) with DBN-based forecasting. In
their method, KNN was first used to identify historical load patterns similar to the target forecast
period, and then DBN was used for forecasting. Alipour et al. [26] proposed a deep learning model
that combines an autoencoder and a cascaded deep neural network (DNN) to improve the accuracy of
power load forecasting. Wang et al. [27] applied an improved quasi-recurrent neural network (QRNN)
model to photovoltaic power generation forecasting. Similarly, Van der Meer et al. [28] used a
probabilistic forecasting method to predict net load under the influence of photovoltaic power
generation. Mei et al. [29] used a short-term net load forecasting model based on deep neural
networks and achieved high forecasting accuracy under different climatic conditions and high
photovoltaic penetration scenarios. Although the deep learning model has certain advantages, it still
faces challenges in the aspects of model architecture optimization, hyperparameter tuning, and
computational efficiency.

Generative learning is also a branch of deep learning. Generative adversarial networks (GANs)
were first proposed by Goodfellow et al. [30] and are one of the most influential generative models.
GANs can capture the latent distribution of data and generate synthetic samples similar to real
observations. Wang and Hong [31] pointed out that GAN-based methods can be applied to data
augmentation in building energy consumption forecasting. Fekri et al. [32] proposed a recurrent GAN
(R-GAN), which can further improve forecasting accuracy by generating data with similar
characteristics. In general, these methods are particularly suitable for energy consumption forecasting
scenarios with limited historical data or high data acquisition costs.

2.3. Hybrid models for energy consumption forecasting

As single models often fail to capture the complex patterns in energy consumption data, recent
studies have increasingly turned to hybrid models. Hybrid models combine decomposition
techniques, feature engineering, ensemble learning, deep learning, and other intelligent methods,
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applying the strengths of different approaches to improve forecasting accuracy, stability, and
generalization ability. In recent years, hybrid forecasting models based on advanced deep learning
architectures, such as Transformer, GRU, bidirectional LSTM (BiLSTM), convolutional neural
network-LSTM (CNN-LSTM), and attention mechanisms, have become an important methodological
stream in energy forecasting. For example, Ranjbar and Rahimzadeh [33] proposed a
Transformer-LSTM-CNN ensemble model for gasoline consumption forecasting, where the
self-attention mechanism was used to capture long-range dependence, and the CNN and LSTM were
used to extract local and sequential patterns. He et al. [34] combined wavelet transform with the
CNN-BiLSTM hybrid model to preprocess petroleum and coal consumption data and separate
multiscale trend features from periodic change patterns. The model was trained using preprocessed
hybrid features from multiple energy datasets and achieved an accuracy of 95%. Zhai et al. [35]
developed a VMD-subquadratic sparse attention-Transformer (VMD-SSA-Transformer) model for
photovoltaic power forecasting, and Venkateswaran et al. [36] proposed a VMD-Informer-LSTM
architecture for solar radiation forecasting. Liu et al. [37] compared different neural network models
based on VMD and an optimization algorithm for air-conditioning energy consumption prediction and
showed that GRU outperforms LSTM, although both can benefit from VMD preprocessing. These
studies show that deep learning models have been increasingly incorporated into hybrid forecasting
models to enhance temporal feature extraction and improve forecasting performance.

Currently, a mainstream optimization approach for hybrid models in energy consumption
forecasting is to combine signal decomposition methods with deep learning models to handle
nonstationary, highly fluctuating, and noisy data. In particular, VMD has been widely applied in
energy forecasting research. For example, Xu et al. [8] combined VMD and iterative Boruta selection
with CNN-BiLSTM, and Ruan et al. [38] demonstrated that VMD preprocessing helps LSTM better
extract trend and seasonal components from electricity consumption data. Jrhilifa et al. [9] further
applied VMD-based two-stage decomposition with LSTM and an autoencoder for residential load
forecasting. In addition to a single-decomposition hybrid model wavelet-based denoising has been
increasingly combined with VMD to improve the quality of forecasting inputs. One route applies
wavelet denoising before VMD decomposition, aiming to reduce noise in the original sequence and
improve the stability of subsequent modal decomposition. For example, Liu et al. [10] proposed a
hybrid prediction model based on WTD-VMD and applied it to photovoltaic power forecasting.
Experiments verified that the framework of first reducing noise and then decomposing can
significantly reduce various error indicators. Yang et al. [39] developed a DWT-VMD-GRU model for
monthly runoff forecasting, where DWT was first used for denoising, and VMD was then applied to
decompose the processed series. Guo et al. [11] developed a complete ensemble empirical mode
decomposition with adaptive noise-wavelet transform-VMD (CEEMDAN-WT-VMD) combined
denoising framework for short-term power load forecasting. It outperformed the benchmark model by
a large margin, lowering the RMSE by 65.5%. These studies show that denoising before
decomposition can reduce the interference of noise and improve the stability of subsequent
component extraction. Another route first uses VMD to decompose the original series and then
applies wavelet denoising to the decomposed components. Yu et al. [40] submitted a research work on
a VMD-wavelet denoising-LSTM (VMD-WD-LSTM) model for short-term traffic flow forecasting.
They first used VMD to decompose the original traffic flow time series and subsequently employed
the LSTM model to predict traffic flow based on the decomposed subsequences. Multiple comparative
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experiments demonstrated the effectiveness and reliability of this model. Wang et al. [41] further
extended this VMD-wavelet denoising-LSTM (VMD-WD-LSTM) structure to an ensemble learning
framework for short-term traffic flow forecasting. Some recent studies have also integrated
decomposition and denoising into more complex multistage frameworks, such as the
CEEMDAN-VMD-GRU wind power forecasting model proposed by Fang et al. [42] and the
enhanced successive VMD denoising model proposed by Jiang et al. [43]. These studies indicate that
hybrid frameworks combining mode decomposition, denoising, and deep learning have become an
important research direction for time series forecasting.

Ensemble learning has also attracted attention, as it can combine multiple learners to improve
prediction reliability. It integrates the forecasting results of multiple base models and makes full use
of the strengths of different models in feature extraction, trend fitting, and nonlinear modeling. These
features not only reduce the risk of overfitting of a single model, but also improve the overall stability
and generalization ability of the forecasting performance. Xiao et al. [44] proposed an ensemble
model for predicting China’s energy consumption, which dynamically weights the outputs of
ARIMA, SVM, and artificial neural network (ANN) models and uses a genetic algorithm to optimize
the model weights. This method reduces the mean absolute error (MAE) by 10% compared to a single
model. Some researchers have also begun to develop ensemble models based on deep learning.
Shojaei and Mokhtar [45] developed a stacked ensemble model that combines CNN, LSTM, and a
gradient boosting tree. The CNN is used to extract spatial features from historical load data, the
LSTM is used to model temporal dependencies, XGBoost is used to improve residuals, and Bayesian
optimization is added to adjust hyperparameters. Compared with a single model, the RMSE is
reduced by 14%. Ranjbar and Rahimzadeh [33] proposed a Transformer-LSTM-CNN ensemble
model for predicting gasoline consumption. A self-attention mechanism enables the transformer to
capture long-range dependencies, and the CNN and LSTM layers extract local temporal patterns.
Compared to a single LSTM, the ensemble model achieves a 22% improvement in R2, indicating that
a multicomponent ensemble also has certain performance advantages.

3. Description of methods

To improve the forecasting performance of complex and nonstationary petroleum consumption
series, this study constructs a VMD-WTD-GRU hybrid forecasting framework with mode-specific
denoising.

3.1. Variational mode decomposition

Variational mode decomposition is an adaptive, nonrecursive signal processing technology, which is
particularly suitable for processing complex nonstationary time series through its unique mathematical
framework. It simultaneously extracts the pattern and its center frequency (IMF), reconstructs the
input signal, and maintains smoothness after baseband demodulation [46], thereby generating a band
limited IMF. Compared with empirical mode decomposition (EMD) and ensemble empirical mode
decomposition (EEMD), VMD avoids frequency aliasing and end effects [47]. VMD defines the IMF
under constraint conditions:

uk(t) = Ak(t) cos(ϕk(t)), (3.1)
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where the ϕk(t) ≥ 0 phase function is nonmonotonically decreasing. The envelope is the non-negative
Ak(t) ≥ 0, and uk(t) is the k mode function.

Using the Hilbert transform to generate the analytic signal and its one-sided spectrum for each
intrinsic mode function, (

δ(t) +
j
πt

)
∗ uk(t), (3.2)

where δ(t) is the Dirac function.
Add exponential terms to estimate the center frequency of each mode, and modulate the spectrum

of each mode to the corresponding baseband:[(
δ(t) +

j
πt

)
∗ uk(t)

]
e− jωkt. (3.3)

Decompose the original signal into K finite-bandwidth modal components, with each component
centered around a center frequency. During decomposition, we minimize the sum of the estimated
bandwidths of all modalities, subject to the sum of all modal components being equal to the original
signal f . The constrained variational model of VMD is thus expressed as:

min
{uk},{ωk}

 K∑
k=1

∥∥∥∥∥∂t

[(
δ(t) +

j
πt

)
∗ uk(t)

]
e− jωkt

∥∥∥∥∥2
2

 s.t.
K∑

k=1

uk = f , (3.4)

where uk is each modal function, ωk is the central frequencies of each modal function, and “∗” denotes
convolution.

Transform the constrained optimization problem mentioned in Eq (3.4) into an unconstrained
variational problem. Equation (3.5) employs quadratic penalty terms along with the Lagrange
multiplier method to convert the problem into an unconstrained form, resulting in the augmented
Lagrangian function [48]:

L({uk}, {ωk}, λ) = α
K∑

k=1

∥∥∥∥∥∂t

[(
δ(t) +

j
πt

)
∗ uk(t)

]
e− jωk t

∥∥∥∥∥2
2
+

∥∥∥∥∥∥∥ f (t) −
K∑

k=1

uk(t)

∥∥∥∥∥∥∥
2

2

+

〈
λ(t), f (t) −

K∑
k=1

uk(t)
〉
. (3.5)

After the introduction of Lagrange operator λ and quadratic penalty factor α, each mode component
and its central frequency are updated to ûn+1

k , ωn+1
k , and λ̂n+1 expressed as:

ûn+1
k (ω) =

f̂ (ω) −
∑

i,k ûi(ω) + λ̂(ω)
2

1 + 2α(ω − ωk)2 , (3.6)

ωn+1
k =

∫ ∞
0
ω|ûk(ω)|2dω∫ ∞

0
|ûk(ω)|2dω

, (3.7)

λ̂n+1(ω) = λ̂n(ω) + τ

 f̂ (ω) −
K∑

k=1

ûn+1
k (ω)

 . (3.8)

Repeat it n times until it converges when the condition
∑K

k=1 ∥u
n+1
k − un

k∥
2
2/∥u

n
k∥

2
2 < ε is reached.
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3.2. Wavelet thresholding denoising

The wavelet threshold denoising (WTD) method applies filtering to signals in the wavelet domain
for the denoising task of time series data [49]. Different wavelet coefficients have significantly
different effects on noise [50]. The signal containing noise is decomposed into multiple components
after wavelet decomposition. Then, by setting an appropriate threshold, the method smooths the
different characteristics of the nonlinear noise signal, retaining components that exceed the threshold
and removing those below it, thereby achieving denoising. Two classical threshold functions exist, the
hard threshold and the soft threshold [51]:

δhard
λ (w) =

w, |w| ≥ λ,0, |w| < λ,
(3.9)

δsoft
λ (w) =

sgn(w)(|w| − λ), |w| ≥ λ,
0, |w| < λ,

(3.10)

where w represents the wavelet coefficient obtained by wavelet decomposition, and λ denotes the
optimal threshold determined by the threshold selection rule.

Finally, the inverse wavelet transform is performed on the threshold-processed components of each
scale to complete signal reconstruction, and the final denoised pure signal without high-frequency noise
interference is obtained.

3.3. Gated recurrent unit

As a simplified architecture of LSTM, GRU retains the approximate identity mapping for state
updates and reduces the complexity of neural units. It not only achieves a comparable capacity to
mitigate gradient problems as LSTM but also cuts down the number of parameters in computation,
which shortens training time and reduces the risk of overfitting.

The GRU merges the cell state and hidden state into a single hidden state ht adopting a two-gate
architecture composed of an update gate and a reset gate. The specific mathematical formulations are
presented in Eqs (3.11)–(3.14). The update gate specifically addresses the exponential decay of
gradients in long sequences, and the reset gate controls the contribution of historical hidden
information. This design is crucial for alleviating vanishing and exploding gradients, making GRU
more applicable to sequence prediction tasks with temporal dependencies. The GRU unit is
formulated as

zt = σ (Wz [ht−1, xt] + bz) , (3.11)

rt = σ (Wr [ht−1, xt] + br) , (3.12)

ĥt = tanh (Wh [rt ⊙ ht−1, xt] + bh) , (3.13)

ht = (1 − zt) ⊙ ht−1 + zt ⊙ ĥt, (3.14)

where zt is the update gate, rt is the reset gate, ĥt is the candidate hidden state, and ht is the hidden state
at the current time step.
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3.4. The VMD-WTD-GRU hybrid model with mode-specific denoising

Hybrid forecasting models based on signal decomposition have been widely used in energy
consumption forecasting. Among them, VMD is an effective preprocessing method for nonstationary
time series because it can decompose a complex original sequence into several IMFs with different
frequency characteristics. In a conventional VMD-GRU framework, the original sequence is first
decomposed into multiple IMFs, each IMF is then modeled by a GRU network, and the final
forecasting result is obtained by summing the forecasting outputs of all components.

However, this direct decomposition–forecasting strategy still has several limitations. VMD mainly
separates the original sequence into different frequency bands, but it does not completely remove
noise from the decomposed components. Some high-frequency IMFs may still contain dense
oscillations, random disturbances, and local irregular fluctuations. If these components are directly
used as GRU inputs, the model may learn noise-related patterns, which can reduce forecasting
stability. In addition, many VMD-based forecasting models mainly focus on the decomposed IMFs,
and the residual component generated during decomposition is often ignored or treated only as a
minor reconstruction term. For petroleum energy consumption forecasting, the residual component
may still contain local information or unexplained fluctuations. Ignoring it may lead to information
loss in the final forecasting reconstruction.

To address these problems, this study proposes a variational modal decomposition-wavelet
threshold denoising-gated recurrent unit (VMD-WTD-GRU) hybrid model with mode-specific
denoising. Compared with conventional VMD-WTD-based forecasting models, the proposed
framework is not a simple process of decomposing the original sequence, denoising all IMFs, and
directly feeding them into GRU. Instead, it applies WTD mainly to the high-frequency IMFs and the
residual mode, where noise-related disturbances and irregular fluctuations are more likely to occur.
The low-frequency IMFs, which mainly contain long-term trend information and relatively stable
variation patterns, are retained to avoid excessive smoothing and information loss. Therefore, the
proposed framework jointly considers modal heterogeneity, residual information, and targeted
denoising, thereby improving the stability and accuracy of petroleum energy consumption forecasting.

Let x(t) denote the original petroleum energy consumption sequence. After VMD decomposition,
x(t) can be expressed as:

x(t) =
K∑

k=1

uk(t) + r(t), (3.15)

where uk(t) denotes the kth IMF component, K is the number of decomposed modes, and r(t) denotes
the residual component. In this study, the residual term is retained as an additional residual mode rather
than being discarded.

For convenience, all decomposed components are denoted as:

z j(t) =

u j(t), j = 1, 2, . . . ,K,
r(t), j = K + 1,

(3.16)

where z j(t) represents either an IMF component or the residual mode. For the decomposed components,
this study does not apply WTD uniformly to all IMFs. Instead, WTD is mainly performed on the high-
frequency IMF components and the residual mode. The denoising strategy can be expressed as:
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z̃ j(t) =

WTD(z j(t)), z j(t) ∈ ΩH ∪ r(t),
z j(t), z j(t) ∈ ΩL,

(3.17)

whereΩH denotes the set of high-frequency IMF components,ΩL denotes the set of low-frequency IMF
components, r(t) denotes the residual mode, and WTD(·) denotes the wavelet threshold denoising
operation. This design enables the model to suppress noise-sensitive components while preserving the
main trend information contained in low-frequency modes. After WTD processing, each processed
component is modeled by a separate GRU network. For the jth component, the GRU model uses a
sliding input window to generate the one-day-ahead forecasting result:

ẑ j(t + 1) = GRU j

(
z̃ j(t − L + 1), z̃ j(t − L + 2), . . . , z̃ j(t)

)
, (3.18)

where L denotes the length of the sliding time window, and ẑ j(t + 1) is the forecasting result of the jth
component at time t+1. Finally, the forecasting outputs of all IMF components, and the residual mode
are summed to obtain the final petroleum energy consumption forecasting result:

x̂(t + 1) =
K+1∑
j=1

ẑ j(t + 1), (3.19)

where x̂(t + 1) denotes the final one-day-ahead forecasting result. The proposed VMD-WTD-GRU
model is implemented through four main steps, as shown in Figure 1.

Step 1: VMD decomposition. The original petroleum energy consumption sequence is
decomposed into K IMF components and one residual component. The residual component is
retained as an additional mode for subsequent processing.

Step 2: WTD denoising for high-frequency and residual modes. WTD is applied to the
high-frequency IMF components and the residual mode, and the low-frequency components are
retained to preserve the main trend information. This targeted denoising strategy avoids mechanically
processing all decomposed components and helps reduce noise interference without weakening useful
low-frequency temporal patterns.

Step 3: GRU forecasting. Each processed component is independently modeled by a GRU network.
The GRU model learns the temporal dependence of each component and generates the one-day-ahead
forecasting result.

Step 4: Forecasting reconstruction. The forecasting outputs of all IMF components, and the
residual mode is aggregated to obtain the final forecasting value of petroleum energy consumption.
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Figure 1. Framework of the proposed VMD-WTD-GRU model.

Compared with conventional VMD-WTD-based forecasting models, the proposed VMD-WTD-
GRU framework is not a simple process of decomposing the original sequence, denoising all IMFs,
and directly feeding them into GRU. Instead, it considers the different fluctuation characteristics of
decomposed modes and applies WTD to noise-sensitive modal components in a more targeted way.
In addition, the residual component generated by VMD is retained as an additional residual mode and
included in the denoising, forecasting, and final reconstruction processes. This design helps reduce
noise interference while avoiding information loss, thereby improving the stability and accuracy of
petroleum energy consumption forecasting.

4. Experiments analysis

4.1. Description of data

The research is based on the daily outbound shipment records of three refined petroleum products
(gasoline, kerosene, and diesel) sourced from every petroleum depot within a delimited region. The
data span a 12-year period, extending from 1 January 2012 to 31 December 2023. This
comprehensive temporal coverage is essential for capturing long-term trends and seasonal variations

Electronic Research Archive Volume 34, Issue 10, 7531–7564.



7543

in energy consumption patterns. Each record contains the following fields: petroleum type p: gasoline
g, kerosene k, diesel d, outgoing volume (liters, L), and time t: year/month/day.

In order to unify the measurement units of different petroleum products, the volume data (liters) is
converted into mass (tons) according to the density of each petroleum product. The conversion refers to
the international industry standard ASTM D4052 (American Society for Testing and Materials), based
on the standard densities of gasoline ASTM-D4814, kerosene ASTM-D975, and diesel ASTM-D975
at 15 °C. Gasoline ρg = 0.74 g/cm3, Kerosene ρk = 0.81 g/cm3, Diesel ρd = 0.85 g/cm3. 15 °C is
the international standard temperature used in the petroleum industry for trade settlements and density
corrections. The amount of each type of petroleum consumed per day (tons) is expressed as follows:

Mp(t) = Vp(t) × ρp × 10−3. (4.1)

The total regional daily petroleum energy consumption (tons) is:

C(t) =
∑

p∈{g,k,d}

Mp(t), (4.2)

where Mp(t) is the mass of petroleum p at day t (tons), Vp(t) is the outgoing volume of petroleum p at
day t (liters), and C(t) is the total regional petroleum energy consumption at day t (tons).

4.2. Preliminary analysis

Petroleum, as an important part of the regional energy mix, and its derivatives (including gasoline,
kerosene and diesel) dominate the petroleum energy consumption structure. This study can reflect the
consumption of petroleum energy in the region by constructing the regional petroleum energy daily
consumption data. Table 1 details the descriptive statistics of the consumption of major petroleum
products, with special emphasis on the quartiles (Q1, Q3) and interquartile range (IQR).

Table 1. Descriptive statistics.
Serial number Petroleums Maximum Minimum Average Q1 Q3 IQR
1 Gasoline consumption 1862.30 14.20 306.79 280.50 335.80 55.30
2 Kerosene consumption 3855.10 0.00 438.11 2.90 1243.98 1241.07
3 Diesel consumption 5195.70 2.50 403.16 250.70 471.40 220.70
4 Total petroleum consumption 6336.60 21.10 1147.30 620.65 1921.65 1301.00

The daily total petroleum energy consumption in the region, as summarized in Figure 2, presents
a pronounced asymmetric distribution (skewness = 1.19, kurtosis = 4.78), with a positive skewness
coefficient of > 0, indicating a right skewness in the distribution, and a spike characterizing a kurtosis
of > 3, implying that the data are highly concentrated at the center and that there are extremes in the
tails. This distribution pattern implies that the distribution of energy consumption data is relatively
concentrated around the mean but with occasional extreme deviations from the mean.
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Figure 2. Time series of total petroleum consumption.

Figure 3. Box plot of petroleum consumption.

As can be seen through the box plot Figure 3, different petroleum products show differentiated
distribution characteristics, with gasoline (IQR = 55.30) and diesel (IQR = 220.70) consumption
showing low dispersion characteristics (coefficient of variation CV < 0.75) and kerosene consumption
having a significantly high degree of dispersion (IQR = 1241.08, coefficient of variation CV = 1.45).
This anomalous dispersion phenomenon mainly stems from the special demand structure of the air
transportation industry, which is affected by factors such as business travel and peak travel seasons,
and is inherently highly variable. It is worth noting that during the COVID-19 epidemic
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(2020Q2-2022Q3), a large number of flights were canceled, resulting in a sharp drop in kerosene use
due to strict regional epidemic prevention policies and travel restrictions.

4.3. Evaluation metrics

To evaluate the forecasting accuracy of the proposed model against alternative approaches, three
commonly used evaluation metrics were selected for this study: root mean square error (RMSE), mean
absolute error (MAE), and mean absolute percentage error (MAPE), as shown in Table 2.

Table 2. Three evaluation metrics.

Metric Definition Equation

RMSE Root mean squared error RMS E =

√√
1
N

N∑
t=1

(
X(t) − X̂(t)

)2
MAE Mean absolute error MAE =

1
N

N∑
t=1

∣∣∣X(t) − X̂(t)
∣∣∣

MAPE Mean absolute percentage error MAPE =
1
N

N∑
t=1

∣∣∣∣∣∣X(t) − X̂(t)
X(t)

∣∣∣∣∣∣ × 100%

To further examine the robustness of the out-of-sample forecasting results, the Diebold–Mariano
(DM) test is used to compare the predictive ability of different models. The DM test was proposed
by Diebold and Mariano [52] and is commonly used to test whether two forecasting models have
significantly different forecasting accuracy. For model i and model j, the squared-error loss differential
is defined as

dt =
(
yt − ŷi,t

)2
−
(
yt − ŷ j,t

)2
, (4.3)

where yt is the actual value, and ŷi,t and ŷ j,t are the forecasting values of model i and model j,
respectively. A positive dt indicates that model i has a smaller forecasting loss than model j. The null
hypothesis is E(dt) = 0, indicating equal forecasting accuracy between the two models. The DM
statistic is calculated as

DM =
d̄√
σ̂2

d/T
, (4.4)

where d̄ is the mean of the loss differential series dt, σ̂2
d is the estimated variance of dt, and T is the

number of test samples. A significant DM statistic indicates a statistically significant difference in
forecasting accuracy between the two models.

4.4. Dataset division

The experimental dataset used in this study spans from January 1, 2012 to December 31, 2023,
including 4383 daily observations of regional petroleum energy consumption. Because time-series
data have clear chronological dependence, the dataset is divided in temporal order rather than by
random sampling.
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To convert the original sequence into supervised learning samples, a sliding time window is adopted.
Let C(t) denote the total apparent consumption of regional petroleum energy on day t, and let L be the
window length. Considering the short-term fluctuation and periodic characteristics of petroleum energy
consumption, L is set to 64. Therefore, the consumption values of the previous 64 consecutive days
are used to forecast the next-day consumption, as shown in Eq (4.5):

Xt = [C(t − L),C(t − L + 1), . . . ,C(t − 1)] , yt = C(t), (4.5)

where Xt denotes the input sequence consisting of 64 historical observations, and yt denotes the
forecasting target on day t. The sliding-window sample construction process is illustrated in Figure 4.

Figure 4. Sliding-window sample construction.

After sliding-window reconstruction, a total of 4319 supervised learning samples are obtained.
Following the commonly used 8:2 division strategy for time-series forecasting, the first 80% of the
reconstructed samples are used as the training set, and the remaining 20% are used as the test set.
Specifically, 3455 samples are used for model training, parameter learning, and hyperparameter
selection, and the remaining 864 samples are used only for final performance evaluation.

4.5. Experiments and results

This section evaluates the forecasting performance of different neural network models for regional
petroleum energy consumption. The experiments are organized in a progressive manner. First, five
baseline models, including BP, RNN, LSTM, GRU, and Transformer, are compared to examine their
direct forecasting ability on the original petroleum energy consumption sequence. Second, VMD is
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introduced as a modal decomposition method, and the corresponding VMD-based decomposition
models, namely VMD-BP, VMD-RNN, VMD-LSTM, VMD-GRU, and VMD-Transformer, are
constructed to evaluate the contribution of modal decomposition. Third, WTD is further applied after
VMD decomposition to suppress high-frequency noise in the decomposed IMF components, forming
the VMD-WTD-LSTM and VMD-WTD-GRU models.

This experimental design aims to examine the effects of model structure, modal decomposition, and
denoising optimization on forecasting performance. The baseline models provide the initial reference
for comparison. The VMD-enhanced models are used to test whether decomposing the original non-
stationary sequence into several modal components can improve model learning ability. The VMD-
WTD-based models further verify whether noise reduction can enhance the stability and accuracy of
the decomposition-based forecasting framework.

To ensure fair comparison, all models are trained and tested under the same data division strategy
described in Section 4.4. The main training settings are kept comparable as far as possible. The batch
size is set to 64, the number of training epochs is set to 40, and the hidden-layer structure of the neural
network models is set to (30, 30), where applicable. Each model is trained independently, and the test
set is used only for final performance evaluation. RMSE, MAE, and MAPE are adopted as evaluation
indicators, with MAPE used as the main criterion for relative forecasting accuracy. All experiments
are implemented in Python 3.9.

4.5.1. Performance evaluation of baseline forecasting models

To establish a benchmark for subsequent hybrid model evaluation, five baseline forecasting models
are first compared, including BP, RNN, LSTM, GRU, and Transformer. All models are trained and
tested under the same data division strategy and comparable experimental settings. The forecasting
performance is evaluated using RMSE, MAE, and MAPE, and the results are reported in Table 3.

Table 3. Forecasting performance of baseline models.

Model RMSE MAE MAPE (%)
BP 615.36 471.37 74.87
RNN 575.76 431.91 64.98
LSTM 634.42 434.68 57.64
GRU 642.91 438.39 58.38
Transformer 765.29 533.68 70.59

As shown in Table 3, LSTM achieves the lowest MAPE of 57.64%, indicating the best relative
forecasting accuracy among the baseline models, whereas GRU obtains a similar MAPE of 58.38%.
RNN records the lowest RMSE of 575.76 and MAE of 431.91, demonstrating superior performance
in reducing absolute forecasting errors. Overall, recurrent neural network models outperform BP,
suggesting that petroleum energy consumption exhibits strong temporal dependence and is better
modeled by sequence-learning architectures. Transformer achieves a lower MAPE than RNN but still
performs worse than the recurrent models in terms of RMSE and MAE, indicating that the
attention-based structure does not consistently improve forecasting stability under the current sample
size and data.

To further compare the forecasting behavior of different baseline models, the forecasting curves and
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actual values are shown in Figure 5.
As shown in Figure 5. the baseline models can follow the general movement of petroleum energy

consumption to some extent, but obvious deviations remain in periods with sharp peaks, valleys, or
short-term fluctuations. The recurrent models show stronger adaptability to local temporal changes
than BP and Transformer, which is generally consistent with the quantitative results in Table 3.
However, none of the baseline models can fully capture the irregular fluctuations in the original series.

Overall, the baseline comparison shows that single neural network models still have limitations in
directly modeling petroleum energy consumption. Although LSTM and GRU achieve relatively better
MAPE values, the remaining forecasting errors indicate that the original sequence contains complex
nonstationary fluctuations and high-frequency variations. Therefore, VMD-based modal
decomposition is introduced in the next subsection to reduce sequence complexity and improve
forecasting performance.

Figure 5. Forecasting curves of baseline models.
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4.5.2. The role of VMD for baseline forecasting models

To investigate the influence of VMD on the network model, we compare different values of the
decomposition layers K and penalty parameter α using a grid search approach. The decomposition
performance is optimal when K = 10, and α = 2000. We can clearly see that there are a total of 10
waveforms arranged from the top to the bottom, and these waveforms represent the 10 eigenmodal
function components IMF1 to IMF10, respectively. From further observation of Figure 6, we can find
that after the VMD processing, each component from IMF1 to IMF10 exhibits its own unique and
easily distinguishable characteristics.

Figure 6. VMD decomposition results (IMF1–IMF10).

Furthermore, we employ VMD as the modal decomposition approach and combine it with five
deep learning models, namely BP, RNN, LSTM, Transformer, and GRU, to establish hybrid
forecasting models including VMD-BP, VMD-RNN, VMD-LSTM, VMD-Transformer, and
VMD-GRU. The optimization effect of VMD on different deep learning architectures is analyzed, and
the impacts of critical hyperparameters of VMD on the predictive performance of hybrid models are
further explored. Baseline models are compared with their VMD-enhanced deep learning hybrid
counterparts, and the prediction performance of various VMD-optimized hybrid models is listed in
Table 4.

As shown in Table 4, VMD preprocessing can effectively enhance their prediction accuracy of
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five models, namely BP, RNN, LSTM, Transformer, and GRU. In terms of the MAPE indicator, the
MAPE of BP drops from 74.87% to 42.43%, RNN from 64.98% to 39.81%, LSTM from 57.64%
to 36.33%, Transformer from 70.59% to 39.34%, and GRU from 58.38% to 33.13%. After VMD
decomposition preprocessing, the RMSE, MAE, and MAPE evaluation indicators of each comparison
model decrease synchronously, indicating that variational mode decomposition can achieve multiscale
feature decomposition of nonstationary time series data. By stripping different frequency components
of the sequence and mining hidden time series rules, the fitting effect of the time series prediction
model can be effectively improved.

Table 4. Prediction performance comparison of deep learning hybrid models optimized
by VMD.

Model RMSE MAE MAPE (%)
BP 615.36 471.37 74.87
VMD-BP 368.74 274.31 42.43
RNN 575.76 431.91 64.98
VMD-RNN 367.93 267.08 39.81
LSTM 634.42 434.68 57.64
VMD-LSTM 284.97 214.16 36.33
Transformer 765.29 533.68 70.59
VMD-Transformer 328.77 248.96 39.34
GRU 642.91 438.39 58.38
VMD-GRU 273.97 201.86 33.13

In terms of optimization magnitude, BP obtains the largest MAPE reduction of 32.44%.
Transformer comes next with a MAPE drop of 31.25%, followed by GRU, RNN, and LSTM with
respective declines of 25.25%, 25.17%, and 21.31%. Despite not having the highest error reduction
rate, VMD-GRU achieves the optimal MAPE alongside the lowest RMSE of 273.97 and MAE
of 201.86, across all experimental groups, demonstrating superior overall prediction performance
compared to other comparative models.

After confirming the favorable comprehensive performance of VMD-GRU, this study further
explores the influence of critical VMD parameters on the predictive performance of hybrid models.
The modal number K determines the total number of intrinsic mode functions (IMFs) decomposed via
VMD. A too-small K results in mode aliasing and incomplete decomposition of the raw series: Trend
terms, periodic fluctuations, and high-frequency noise with distinct frequencies are compressed into a
single IMF and cannot be separated based on frequency-domain features. Conversely, an excessively
large K causes over-decomposition of valid signals and generates redundant spurious modes that only
contain random noise. Both improper parameter settings deteriorate VMD decomposition quality and
degrade their prediction accuracy of hybrid models. To intuitively reflect how modal number K affects
model performance, the MAPE values and variation tendency of VMD-GRU under different K are
listed in Table 5 and illustrated in Figure 7.

As shown in Table 5, with the increase of modal number K, the MAPE of the model exhibits a
trend of first decreasing and then increasing: When K rises from 5 to 10, the MAPE continuously
drops from 46.70% to 33.13%; when K further increases to 11, the MAPE rebounds to 35.86%. For K
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ranging from 5 to 9, the modal number is insufficient, leading to mode aliasing in decomposition—load
fluctuations and noise of different frequencies cannot be separated, thus limiting the optimization effect
of preprocessing. When K exceeds 10, over-decomposition occurs, where valid homologous signals
are split into redundant spurious modes. Based on the comprehensive analysis of the above indicators,
the optimal modal number is determined as K = 10 in this study.

Table 5. MAPE values of the VMD-GRU model at different K values.

K 5 6 7 8 9 10 11
MAPE (%) 46.70 41.11 41.17 38.14 35.23 33.13 35.86

Figure 7. Variation trend of MAPE for the VMD-GRU model with various modal
numbers K.

Using the optimal decomposition number K = 10 identified from the preceding screening test,
we adopt grid search to optimize VMD’s modal number K and penalty coefficient α. Restricted to
the optimal range K ∈ [5, 10] derived earlier, K is preliminarily searched within [5, 10], whereas α
takes values of 1500, 2000, and 2500 in comparative tests, with corresponding MAPE results of the
VMD-GRU model detailed in Table 6.

Table 6. MAPE (%) of the VMD-GRU model under different combinations of K and α.

α K = 5 K = 6 K = 7 K = 8 K = 9 K = 10
2500 50.26 43.37 47.30 37.34 36.20 36.32
2000 46.70 41.11 41.17 38.14 35.23 33.13
1500 45.87 43.57 38.08 36.61 30.61 33.88

To intuitively demonstrate the discrepancies in prediction performance of the VMD-GRU model
under various combinations of K and α, a three-dimensional MAPE surface plot is plotted as shown in
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Figure 8. The corresponding MAPE values of each parameter combination are marked on the figure to
facilitate a clear comparison of prediction errors under diverse parameter configurations.

According to the results in Table 6 and Figure 8, the MAPE values of all parameter combinations
range from 30.61% to 50.26%, with an overall span of nearly 20 percentage points. The prediction
error of the VMD-GRU model presents a concave distribution with respect to VMD parameters K and
α. This indicates that the selection of K and α in VMD has a significant impact on their prediction
accuracy of the VMD-GRU model. Although the minimum MAPE within the grid search is obtained
at K = 9 and α = 1500, such a small value of α provides insufficient bandwidth constraint from the
perspective of VMD decomposition principle and tends to induce implicit mode aliasing. Hence, this
minimum is merely an accidental optimum at the search boundary and cannot be regarded as the
optimal parameter combination. In contrast, the parameter set K = 10, α = 2000 yields a
competitively low MAPE. Comprehensively considering prediction accuracy, model robustness, and
the VMD decomposition mechanism, the parameter combination of K = 10 and α = 2000 is adopted
for experiments in this research.

Figure 8. Three-dimensional surface plot of MAPE for the VMD-GRU model under different
combinations of K and α.

4.5.3. Effectiveness analysis of the VMD-WTD hybrid forecasting framework

After evaluating the effect of VMD-based modal decomposition, WTD is further introduced to
examine whether noise reduction can improve the forecasting performance of decomposition-based
models. Because VMD-LSTM and VMD-GRU exhibit superior forecasting performance among the
decomposition-based models, this subsection focuses on the comparison among GRU, LSTM, VMD-
GRU, VMD-LSTM, VMD-WTD-GRU, and VMD-WTD-LSTM.

To visually examine the denoising effect of WTD, Figure 9 compares IMF 5 to IMF 10 before and
after WTD processing. These components contain relatively stronger local fluctuations and are more
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likely to carry noise information. The denoised curves generally maintain the main fluctuation pattern
of the original IMF components, whereas part of the dense high-frequency oscillations is weakened.

The forecasting performance of the VMD-WTD-based models is then evaluated. To investigate the
effects of modal decomposition and denoising on forecasting accuracy, the forecasting results of GRU
and LSTM are compared with those of the corresponding VMD-based and VMD-WTD-based models.
The results are reported in Table 7.

Figure 9. Comparison of IMF components before and after WTD denoising.

Table 7. Forecasting performance of VMD-WTD-based models.

Model RMSE MAE MAPE (%)
GRU 642.91 438.39 58.38
VMD-GRU 273.97 201.86 33.13
VMD-WTD-GRU 258.14 193.97 31.45
LSTM 634.42 434.68 57.64
VMD-LSTM 284.97 214.16 36.33
VMD-WTD-LSTM 273.10 210.56 34.32

The introduction of WTD further improves the forecasting performance of the VMD-based
models. VMD-WTD-GRU achieves the best overall results, with an RMSE, MAE, and MAPE
of 258.14, 193.97, and 31.45%, respectively. Compared with VMD-GRU, the RMSE decreases
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from 273.97 to 258.14, the MAE decreases from 201.86 to 193.97, and the MAPE decreases by 1.67
percentage points. Similarly, VMD-WTD-LSTM improves upon VMD-LSTM, reducing the RMSE
from 284.97 to 273.10, the MAE from 214.16 to 210.56, and the MAPE from 36.33% to 34.32%.
These results indicate that WTD can provide cleaner modal inputs and improve the forecasting
stability of decomposition-based models.

Figure 10 shows the forecasting curves of LSTM, GRU, VMD-LSTM, VMD-GRU, VMD-WTD-
LSTM, and VMD-WTD-GRU.

Figure 10. Forecasting performance of LSTM/GRU with VMD-WTD preprocessing.

As shown in Figure 10, the single GRU and LSTM models only capture the general fluctuation
range of petroleum energy consumption, and their forecasting curves are relatively smooth when local
peaks and short-term variations occur. After VMD decomposition is introduced, the forecasting results
of VMD-GRU and VMD-LSTM follow the temporal variation trend of the actual series more closely,
indicating that modal decomposition can reduce the complexity of the original nonstationary sequence.
On this basis, the VMD-WTD-based models further improve the fitting performance. Among them,
VMD-WTD-GRU presents the closest fit to the actual curve, with smaller deviations in most test
intervals and a more stable response to local changes. These observations are consistent with the
quantitative evaluation results reported in Table 7, where VMD-WTD-GRU achieves the lowest RMSE,
MAE, and MAPE values of 258.14, 193.97, and 31.45%, respectively.
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4.5.4. The effects of the VMD-WTD denoising scheme on different frequency components

In previous experiments, the IMF components obtained through VMD decomposition were used as
inputs for WTD denoising and neural network prediction. However, the reconstructed signal obtained
by summing all VMD components may still have residual differences from the original petroleum
energy consumption sequence. These residual signals are usually considered as noise or unexplained
disturbances that cannot be captured by the decomposed IMF. Therefore, this section further
incorporates residual components into the VMD-WTD framework and compares different denoising
combinations of low-frequency, high-frequency, and residual components through ablation
experiments to evaluate the contribution of each component configuration to overall
prediction performance.

According to the frequency characteristics of the decomposed components, IMF1–IMF5 are
classified as low-frequency components, which mainly reflect relatively smooth trend information.
IMF6–IMF10 are classified as high-frequency components, which mainly contain short-term
fluctuations and local disturbances. The residual component IMF11 is used to supplement the
remaining information between the original sequence and the reconstructed VMD signal.

To further examine the contribution of different components, five VMD-WTD processing
strategies are designed: High+Low, High+Res, High+Low+Res, Low+Res, and Res. Components
included in a given strategy are first processed by WTD before being input into the forecasting model,
whereas components not selected for WTD are directly fed into the forecasting model in their original
VMD-decomposed form. In all strategies, every IMF component and the residual mode are retained
for forecasting and final reconstruction; the only difference is whether a component undergoes WTD
processing prior to prediction.

Table 8. Forecasting performance of different VMD-WTD processing strategies.

Model Strategies RMSE MAE MAPE (%)

VMD-WTD-GRU

High+Low 258.14 193.97 31.45
High+Res 184.56 141.80 23.15
High+Low+Res 214.89 164.83 27.51
Low+Res 219.53 166.05 25.82
Res 195.15 148.81 24.34

VMD-WTD-LSTM

High+Low 273.10 210.56 34.32
High+Res 213.16 160.83 26.56
High+Low+Res 236.46 182.25 29.79
Low+Res 219.15 164.66 26.83
Res 240.85 183.94 29.06

Table 8 shows that the High+Res strategy achieves the best performance for both GRU and LSTM.
For VMD-WTD-GRU, High+Res obtains the lowest RMSE, MAE, and MAPE values of 184.56,
141.80, and 23.15%, respectively. Compared with High+Low, the MAPE decreases by 8.30

The High+Low+Res strategy does not achieve the best accuracy, although it processes all
component IMFs. This indicates that applying WTD to more IMFs does not necessarily improve
forecasting performance. Because low-frequency components mainly contain trend information,
excessive denoising may weaken useful smooth variations. Overall, High+Res is selected as the
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preferred component-processing strategy. The corresponding forecasting curves are further compared
in Figure 11.

Figure 11. Forecasting performance of LSTM/GRU with different hybrid strategies.

4.5.5. Diebold–Mariano test

The prediction accuracy of different forecasting models has been compared in the previous sections.
To further quantitatively distinguish whether the accuracy differences arise from inherent performance
disparities among models or random errors, the DM test is employed to conduct significance tests on
forecasting accuracy.

As shown in Table 9, most DM statistics are statistically significant, indicating that the forecasting
differences among the compared models are robust. Among the baseline models, LSTM performs
slightly better than GRU. The DM statistic for the comparison between these two models is -0.45,
which is negative and statistically insignificant. This suggests that the two recurrent models have close
forecasting ability on the original sequence. In contrast, Transformer performs worse than LSTM and
GRU, with significant negative DM statistics of -3.51 and -4.71, respectively. This may be related to
the limited sample size and strong local fluctuations of daily petroleum consumption data.

After VMD decomposition is introduced, all VMD-based models significantly outperform their
corresponding baseline models. The DM statistics of VMD-BP, VMD-RNN, VMD-LSTM, VMD-
GRU, and VMD-Transformer against their baseline models are 10.23, 7.66, 11.04, 8.76, and 5.42,
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respectively, all significant at the 1% level. Among the VMD-based models, VMD-GRU performs
best, significantly outperforming VMD-BP, VMD-RNN, VMD-LSTM, and VMD-Transformer, with
DM statistics of 6.24, 4.79, 4.55, and 3.55, respectively. These results indicate that VMD improves
the forecasting ability of neural networks, and GRU is more effective in modeling the decomposed
IMF components.

The proposed VMD-WTD-GRU (High+Res) model achieves the best overall performance.
Compared with VMD-GRU, it obtains a significant positive DM statistic of 4.10 at the 1% level,
indicating that WTD-based denoising further improves forecasting accuracy after VMD
decomposition. Moreover, VMD-WTD-GRU (High+Res) significantly outperforms
VMD-WTD-LSTM (High+Res) at the 5% level, with a DM statistic of 1.96. These results confirm
that applying WTD to high-frequency IMFs and the residual mode is an effective
component-processing strategy, and they further verify the robustness, and superiority of the proposed
VMD-WTD-GRU (High+Res) model.

Table 9. DM test results of different forecasting models.
Model BP RNN LSTM GRU Transformer VMD-BP VMD-RNN VMD-LSTM VMD-GRU VMD-Transformer VMD-WTD-LSTM VMD-WTD-GRU
BP –
RNN 7.04*** –
LSTM 10.78*** 3.90*** –
GRU 11.15*** 4.53*** -0.45 –
Transformer 1.32 -1.90* -3.51*** -4.71*** –
VMD-BP 10.23*** 7.00*** 5.95*** 4.64*** 5.25*** –
VMD-RNN 10.87*** 7.66*** 6.96*** 5.36*** 5.71*** 7.89*** –
VMD-LSTM 15.00*** 10.26*** 11.04*** 7.97*** 7.46*** 3.56*** 2.16** –
VMD-GRU 15.68*** 11.21*** 12.19*** 8.76*** 7.90*** 6.24*** 4.79*** 4.55*** –
VMD-Transformer 9.43*** 6.82*** 6.18*** 4.83*** 5.42*** 1.76* 0.2887 -1.59 -3.55*** –
VMD-WTD-LSTM 14.45*** 11.15*** 12.15*** 8.96*** 8.07*** 10.60*** 9.82*** 7.63*** 5.86*** 9.67*** –
VMD-WTD-GRU 11.05*** 8.66*** 8.84*** 7.05*** 6.83*** 8.64*** 7.98*** 5.04*** 4.10*** 8.92*** 1.96** –

Note: The values in the table are DM statistics. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

4.5.6. Extended performance comparison with representative transformer-based forecasting models

To further assess the robustness of the proposed VMD-WTD-GRU model with mode-specific
denoising, its performance is further compared with that of four recent Transformer-based forecasting
models, which are Autoformer [53], PatchTST [54], FEDformer [55], and Informer [56], respectively.
All models are evaluated under the same experimental conditions, and the results are presented in
Table 10.

Table 10. Performance comparison of the proposed model with representative Transformer-
based forecasting models.

Model RMSE MAE MAPE (%)
Autoformer 675.82 449.66 57.73
PatchTST 701.93 453.38 65.38
FEDformer 673.53 475.43 66.47
Informer 668.65 413.26 51.02
Transformer 750.62 531.90 73.68
VMD-WTD-GRU (High+Res) 184.56 141.80 23.15

As shown in Table 10, Autoformer, PatchTST, FEDformer, and Informer are superior to vanilla
Transformer in three evaluation indicators, which shows that these improvements can improve their
prediction performance. Among them, Informer has the best performance, with an RMSE of 668.65,
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MAE of 413.26, and MAPE of 51.02%. The proposed model achieves the optimal predictive
performance. Compared with Informer, its RMSE, MAE, and MAPE are reduced by 72.40%,
65.69%, and 27.87%, respectively. Figure 12 shows their forecasting results. It can be observed that
the Transformer-based models usually capture the overall time pattern but tend to smooth some local
peaks and short-term changes, whereas the proposed model predicts these fluctuations more closely.
These observations are consistent with the evaluation metrics in Table 10. The results indicate that the
proposed VMD-WTD-GRU model with mode-specific denoising is well-suited to capturing the
complex nonlinear and nonstationary fluctuations in petroleum consumption series. Moreover, recent
Transformer variants specifically designed for time-series forecasting have shown clear improvements
over the vanilla Transformer, and their potential for petroleum consumption forecasting warrants
future research.

Figure 12. Forecasting result comparison between the proposed model and representative
Transformer-based models.
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5. Conclusions

This study investigates the effectiveness of decomposition- and denoising-based hybrid models for
regional daily petroleum consumption forecasting. Several single deep learning models, VMD-based
hybrid models, and denoising-enhanced hybrid models are constructed and compared to evaluate the
role of modal decomposition, denoising optimization, and forecasting model selection. The
experimental results show that directly applying deep learning models to the original petroleum
consumption series still has limitations in capturing complex nonlinear and nonstationary fluctuations.
After VMD decomposition, the forecasting performance of neural network models is generally
improved, indicating that modal decomposition can effectively separate temporal patterns at different
frequency scales and enhance the learnability of the input series.

Further analysis shows that the proposed VMD-WTD-GRU model with mode-specific denoising
achieves the best overall forecasting performance. Compared with the conventional
VMD-WTD-GRU model that applies wavelet threshold denoising to all decomposed components, the
proposed mode-specific denoising strategy reduces the RMSE from 258.14 to 184.56, the MAE
from 193.97 to 141.80, and the MAPE from 31.45% to 23.15%, corresponding to reductions
of 28.50%, 26.90%, and 8.30%, respectively. These results indicate that denoising all decomposed
modes may remove useful information together with noise, thereby limiting forecasting performance.
In contrast, the proposed model selectively applies WTD to high-frequency IMF components and the
residual component, and low-frequency components are retained to preserve the main trend
information. This mode-specific denoising strategy can effectively suppress random noise and
irregular disturbances without weakening useful low-frequency temporal patterns, leading to more
accurate petroleum consumption forecasts.

In summary, the proposed VMD-WTD-GRU framework with mode-specific denoising achieves
the best forecasting performance for regional petroleum energy consumption. The selective denoising
of high-frequency IMF components and the residual component further improve forecasting accuracy
while preserving important trend information. Comparative experiments and statistical tests confirm
the effectiveness and reliability of the proposed approach. These findings provide useful
methodological support for petroleum demand forecasting, regional energy planning, and intelligent
energy management.

Besides the appealing performance of the proposed hybrid model, there still exist several potential
drawbacks. In this research, the hyperparameter values selection is not systematically optimized
according to the entire flow of the model. In this sense, metaheuristic optimization methods can be
introduced to enable adaptive optimization of key hyperparameters, including the VMD
decomposition parameters, WTD threshold parameters, and GRU network parameters. Furthermore,
the deep learning forecasting module in this study mainly focuses on representative fundamental
architectures, including LSTM, GRU, and the basic Transformer models. Other advanced deep
learning models, particularly recent Transformer-based time-series forecasting methods, could also be
incorporated into the proposed framework. Further investigation of how different forecasting
architectures affect the overall performance of the hybrid framework is therefore a worthwhile
direction for future research. In addition, the prediction model proposed by this research only relies
on the energy consumption data. If more predictor values are introduced in the model, more
sophisticated deep learning models can be adopted to further enhance the feature extraction capability
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and forecasting precision of the proposed hybrid forecasting framework. Recent soft computing
studies such as those by Wang et al. [57] and Zhao et al. [58] have also shown a broader tendency to
combine data-driven modeling with domain knowledge, adaptive learning, and intelligent
optimization mechanisms, such as knowledge-based population optimization, dual Q-learning, and
heterogeneous graph reinforcement learning. All the above directions have huge potential to make
meaningful research contributions and are worthy of further research.
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