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Abstract 

This paper presents an optimized hybrid deep learning model for power load forecast-
ing—QR-FMD-CNN-BiGRU-Attention—that integrates similar day selection, load de-
composition, and deep learning to address the nonlinearity and volatility of power load 
data. Firstly, the original data are classified using Gaussian Mixture Clustering optimized 
by ICPO (ICPO-GMM), and similar day samples consistent with the predicted day cate-
gory are selected. Secondly, the load data are decomposed into multi-scale components 
(IMFs) using feature mode decomposition optimized by ICPO (ICPO-FMD). Then, with 
the IMFs as targets, the quantile interval forecasting is trained using the CNN-BiGRU-
Attention model optimized by ICPO. Subsequently, the forecasting model is applied to 
the features of the predicted day to generate interval forecasting results. Finally, the 
model’s performance is validated through comparative evaluation metrics, sensitivity 
analysis, and interpretability analysis. The experimental results show that compared with 
the comparative algorithm presented in this paper, the improved model has improved 
RMSE by at least 39.84%, MAE by 26.12%, MAPE by 45.28%, PICP and MPIW indicators 
by at least 3.80% and 2.27%, indicating that the model not only outperforms the compar-
ative model in accuracy, but also exhibits stronger adaptability and robustness in complex 
load fluctuation scenarios. 

Keywords: feature mode decomposition; hybrid deep learning framework; improved  
optimization algorithm; interval forecasting; power load forecasting 
 

1. Introduction 
1.1. Review 

Power load forecasting is a critical component of modern grid security and serves as 
the foundation for power systems’ stable and economic operation [1]. The accuracy of 
power load forecasting directly impacts power system planning and operation, economic 
efficiency, reliability, and stability [2]. With the continuous optimization of power sys-
tems, electricity forecasting has garnered increasing attention. Load forecasting can be 
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categorized into short-term, medium-term, and long-term forecasting based on time hori-
zons [3]. Among these, short-term load forecasting focuses on predicting future loads 
ranging from minutes to days [4]. This paper will concentrate on forecasting 24-hour load 
data. 

Short-term load forecasting plays a vital role in power systems, including assisting 
in power dispatch and real-time balancing, maintaining grid safety and stability [5], opti-
mizing renewable energy management [6], supporting system demand response and elec-
tricity market transactions, and promoting the economic operation of power systems [7]. 
Short-term load forecasting research is progressing to meet various operational needs [8]. 
Therefore, short-term load forecasting is crucial in achieving stable and secure power sys-
tem operation. 

Traditional load forecasting methods are typically based on statistical and empirical 
models, such as ARIMA, SARIMA, and Support Vector Machines (SVMs) [9]. While these 
methods work well for relatively stable linear electricity load time series, they often fail to 
capture the complex nonlinear fluctuations and dynamics of real-world load data—limi-
tations noted in [10]. In recent years, machine learning methods have become a trend in 
power load forecasting. Machine learning can be broadly categorized into supervised 
learning, unsupervised learning, semi-supervised learning, ensemble learning, and hy-
brid models. Among these, supervised learning algorithms include regression [11], deci-
sion trees [12], support vector machines [13], and neural networks [14], which are primar-
ily used as foundational models to establish the mapping relationship between input fea-
tures and target loads. Unsupervised learning includes clustering algorithms [15] and di-
mensionality reduction algorithms [16], which are mainly used for selecting similar days 
in load forecasting. Semi-supervised learning leverages large amounts of unlabeled load 
data to enhance the performance of forecasting models [17]. Ensemble learning algorithms 
improve forecasting accuracy by combining multiple machine learning algorithms, with 
typical examples including random forests and gradient-boosting trees [18,19]. However, 
single supervised models often face trade-offs: for example, neural networks require suf-
ficient data volume to ensure fitting effect, and their computational complexity is much 
higher than traditional statistical models; support vector machines, while effective for 
small-sample learning, struggle to handle high-dimensional input features. 

Recently, a class of hybrid forecasting methods with multi-module collaboration has 
emerged. These power load forecasting models typically consist of decomposition, fore-
casting, and optimization modules, addressing the limitations of individual models [20]. 
Each module collaborates in the forecasting process to improve the model’s load forecast-
ing performance [21–23]. At present, many hybrid models still lack the assistance of com-
bining decomposition and clustering algorithms, which limits their overall performance. 
This article will focus on introducing the use of hybrid models with decomposition and 
clustering algorithms for load forecasting research. 

Optimization algorithms are crucial in enhancing the hyperparameter tuning of load 
forecasting models. Traditional optimization algorithms have optimized parameters for 
conventional load forecasting models effectively, yet they tend to fall into local optima 
when dealing with complex tasks. As an emerging algorithm, the Crested Porcupine Op-
timization Algorithm (CPO) improves parameter optimization by introducing multi-layer 
defense strategies and global search mechanisms. 

Clustering algorithms are commonly used to select similar days in power load fore-
casting tasks. This method aims to group historical load data with similar features into a 
new dataset, reducing data heterogeneity and improving the generalization ability and 
accuracy of the forecasting model. Common clustering algorithms include K-Means [24], 
FCM [25], and GMM [26]. However, clustering algorithms have certain requirements for 
the selection of hyperparameters, and inappropriate values may even fail to converge. 
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Therefore, this paper will adopt the GMM algorithm improved by ICPO for similar day 
selection. 

Decomposition algorithms also significantly influence power load forecasting [27]. 
Power load data often exhibits multi-level, nonlinear, and non-stationary characteristics 
[28]. By decomposing the original load data into multiple components (IMFs) and residu-
als [29], the complexity of the target data for subsequent model processing can be effec-
tively reduced, thereby improving forecasting accuracy and robustness. However, the hy-
perparameter values of the decomposition algorithm also need to be appropriate, other-
wise it may face insufficient decomposition or low signal-to-noise ratio, so it is necessary 
to combine optimization algorithms. The comparative literature review is summarized in 
Table 1. 

Table 1. Review of recent relevant studies along with the present study. 

Reference 
Decomposition Algo-

rithm 
Optimization Algo-

rithm 
Method 

Type 
Specific Algorithm 

Bhatti Dhaval et 
al. [11] 

None None Statistical Multiple Linear Regression (MLR) 

Xie Z et al. [12] None None Hybrid Fuzzy Neural Network + MID3 
Sandeep Saman-
taray et al. [13] 

None 
Sparrow Search 

Algorithm 
Hybrid SVM + SSA 

Si C et al. [14] k-Means Clustering None Hybrid PPK-Fed with CNN 
Chen Z et al. [15] Time-Series Clustering None Hybrid Early Classification with LightGBM 
Yang Y et al. [16] VMD None Hybrid VMD + VAE 

Li W et al. [17] None Firefly Algorithm  Hybrid 
Semi-supervised learning with 

Transformer 
Pang X et al. [18] None None Hybrid Bagging-SCNs 

Luo S et al. [19] None None 
Stacking In-

tegration 
CNN-BiLSTM-Attention + XGBoost 

Mamun AA et al. 
[20] 

None None Review 
Analysis of Single and Hybrid Mod-

els 

Bu X et al. [21] VMD None Hybrid 
CGAN + CNN + Semi-Supervised 

Regression 

Sekhar C et al. [22] None 
Grey Wolf 

Optimization  
Hybrid GWO-CNN-BiLSTM 

Shakeel A et al. 
[23] 

None Grid Search Hybrid LightGBM + FB-Prophet 

Han F et al. [24] k-Means Clustering None Hybrid Deep Learning + k-Means Clustering 
Hu L et al. [25] LVMD IVIA Hybrid LVMD-DBFCM + CNN-IVIA-BLSTM 

Han Z et al. [26] None None Hybrid DBSCAN + NAR Neural Network 
Bedi J et al. [27] VMD None Hybrid VMD + Autoencoder + LSTM 

Chen H et al. [28] ICEEMDAN + SVMD None Hybrid 
ICEEMDAN + SVMD + TCN-BiGRU 

+ MHA 

Yang D et al. [29] 
Dynamic Decomposi-
tion-Reconstruction 

Automatic Hyperpa-
rameter Optimization 

Hybrid 
Decomposition-Reconstruction-En-

semble with Neural Network 

This study ICPO-FMD ICPI Hybrid 
ICPO-GMM + ICPO-FMD + QR-

ICPO-CNN-BiGRU-Attention 

1.2. Research Gap and Contributions 

Simple deep learning models (e.g., LSTM, GRU) have successfully handled complex 
time series data, but they still face challenges in practical applications. For instance, they 
exhibit poor generalization performance when dealing with highly volatile and strongly 
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nonlinear data, and their accuracy in power forecasting across different time scales re-
mains limited. 

To address the abovementioned issues, this paper proposes the QR-CNN-BiGRU-
Attention forecasting model, which integrates the proposed ICPO algorithm, GMM clus-
tering algorithm, and FMD algorithm for load forecasting. 

The main contributions of this paper are as follows: 
(1) Proposed a three-strategy improved CPO Algorithm, which is used to optimize the 

hyperparameters of other algorithms in the forecasting model, enhancing its perfor-
mance in complex optimization problems. 

(2) Adopted the ICPO-FMD algorithm for load value decomposition. 
(3) Designed an ICPO-QR-CNN-BiGRU-Attention interval forecasting model combined 

with ICPO-GMM and ICPO-FMD algorithms. 
(4) Comparative experiments, supported by sensitivity and interpretability analyses, 

demonstrate the proposed algorithm’s superiority over traditional methods. 

The organization of this paper is as follows: Section 1 presents the introduction and 
problem statement. Section 2 describes the load forecasting model’s overall structure and 
elaborates on its components’ principles and functions. Section 3 details the proposed 
model’s input processing, introduces the evaluation metrics, and conducts simulation ex-
periments along with an analysis of the results. Finally, Section 4 provides a summary and 
conclusions. 

2. Short-Term Electricity Load Interval Forecasting via Improved 
Crowned Crested Porcupine Optimization and Feature  
Mode Decomposition 

The strategic framework of the QR-CNN-BiGRU-Attention model is illustrated in 
Figure 1. By integrating CNN, BiGRU, and the Attention mechanism, the model extracts 
temporal features [30], captures bidirectional dependencies, and assigns weighted im-
portance to key features, enhancing electricity load forecasting accuracy. Meanwhile, a 
95% confidence interval-based quantile load forecasting approach is adopted, which char-
acterizes the uncertainty of load forecasting by estimating upper and lower bound inter-
vals. This mitigates the impact of outliers and noise on point forecasting, addressing the 
issue where point forecasts are susceptible to significant deviations due to anomalies and 
noise interference [31,32]. Consequently, this approach provides more comprehensive in-
formation for power system operation and scheduling. 

Step 1: Data Preprocessing. This step involves encoding weather and weekday-type 
features, detecting and replacing outliers in load data, and performing normalization to 
generate a high-quality standardized dataset. These preprocessing procedures ensure 
consistency in the input data for subsequent modeling. 

Step 2: Short-Term Electricity Load Forecasting Model Construction. First, the ICPO-
optimized GMM is used to select historical dates with time point characteristics similar to 
the target forecasting day, forming a similar-day sample training set. Next, the ICPO-op-
timized FMD algorithm is applied to decompose the load values of similar-day samples, 
extracting Intrinsic Mode Functions (IMFs) and residual components as input features for 
the model. Finally, the similar-day features and decomposed load values are used to train 
the QR-CNN-BiGRU-Attention model. 

Step 3: Short-Term Load Forecasting. The features of the target forecasting day are 
fed into the trained model to generate the predicted load components and their corre-
sponding intervals for each time point throughout the day. The final daily load forecast is 
obtained by aggregating the component values and their intervals. 

Step 4: Comparative Analysis and Validation. The proposed model’s forecasting per-
formance is compared with other algorithms by computing evaluation metrics to assess 
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its accuracy and effectiveness. Additionally, sensitivity and interpretability analyses are 
conducted to examine the impact of different features on the forecasting results, verifying 
the model’s reliability. 

 

Figure 1. Strategic Framework of Short-Term Load Forecasting. 

2.1. Data Preprocessing 

The data preprocessing in this study includes outlier detection and normalization. 
Outliers, often caused by equipment failures or environmental changes, can significantly 
impact forecasting accuracy. Therefore, preprocessing these anomalies improves forecast-
ing performance. To evaluate the effectiveness of interval forecasting in expressing the 
uncertainty associated with outliers, the forecasting results obtained from processed data 
are compared with those from unprocessed datasets [33]. Additionally, normalization en-
sures that all features are computed on the same scale, accelerating convergence and re-
ducing the risk of overfitting. 

2.1.1. Outlier Handling 

Outlier detection is performed by examining the rate of change in load values be-
tween adjacent time points. If the rate exceeds a set threshold, the data point is labeled as 
an outlier, as shown in the following formula: 

1

1
θt t

t
t

x x
R

x
−

−

−
= >  (1) 

where tx  is the load value at the current time step, 1tx −  is the load value at the previ-
ous time step, is the rate of change, and θ is set to 0.5. 

If tx  satisfies the above equation, it is considered an outlier. Once detected, the out-
lier is replaced using a moving average method. 
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2.1.2. Normalization 

The mathematical expression for normalization is as follows: 

( )
( ) ( )

' min
max min

i
i

x x
x

x x
−

=
−

 (2) 

where ix  is the i-th sample of the original data, 
'
ix  is the normalized data, ( )min x

 

and ( )max x
 are the minimum and maximum values of feature, respectively. 

Normalization transforms the load values to the [0, 1] range, which helps accelerate 
convergence and reduce overfitting. The FMD algorithm effectively removes outliers and 
noise. Thus, no additional denoising is required. 

2.2. Related Work 

2.2.1. GMM 

GMM is based on a probabilistic model that assumes the data comprises multiple 
Gaussian distributions. It models the data using mixing coefficients, mean values, and 
covariance parameters [34]. GMM employs the Expectation-Maximization algorithm for 
parameter estimation. In the Expectation step, the posterior probability of each data point 
belonging to each Gaussian component is calculated. Model parameters are updated 
based on the posterior probabilities in the Maximization step. This approach is highly ef-
fective for selecting similar days from the load dataset. 

2.2.2. FMD 

FMD is a novel signal decomposition method that utilizes an adaptive Finite Impulse 
Response filter to decompose the signal while combining kurtosis and impulsiveness for 
feature extraction. Compared to traditional methods such as Empirical Mode Decompo-
sition and Variational Mode Decomposition, FMD performs better in handling non-sta-
tionary signals and removing mixed modes [35]. In electricity load forecasting, FMD de-
composes the original time series into low-frequency trend components and high-fre-
quency non-trend components, allowing deep learning models to process these compo-
nents separately, thereby improving forecasting accuracy. 

FMD iteratively updates the Finite Impulse Response filter coefficients to decompose 
the signal into multiple modes, capturing information at different time scales. This char-
acteristic enables FMD to extract multi-level features from complex electricity load data, 
providing valuable support for subsequent forecasting. The following outlines the initial-
ization steps and objective function of FMD: 
(1) Finite Impulse Response Filter Initialization 

To decompose modes with specific frequencies and characteristics, FMD first initial-
izes a set of Finite Impulse Response filters to decompose the different modes in the signal. 
The resulting mode components after decomposition can be represented by the convolu-
tion of the original signal with the filter coefficients, as shown in the following formula 
[35]: 

( ) ( )
1

0

N

k i
i

m t h x t i
−

=

= −∑  (3) 

where ih  is the filter’s coefficient, i.e., the weight of the FIR filter. These coefficients de-
termine the filter’s frequency response, specifically which frequency components will be 

extracted from the signal. ( )x t
 is the original signal, representing the input signal to be 

decomposed. 
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(2) Correlated Kurtosis (CK) 

To ensure that the decomposed modes contain as much helpful information as pos-
sible, rather than noise or irrelevant modes, FMD introduces “Correlated Kurtosis” as the 
optimization objective for the decomposition [35]: 

( )( )

( )( )

4

22
CK

k k

k

k k

E m t

E m t

µ

µ

 −  =
  −    

 (4) 

where ( )km t
 is the k-th mode, kµ  is the mean of the mode, and E represents the expec-

tation operator. 
This study uses FMD to decompose the original electricity load time series into mul-

tiple modes, which are inputs to the CNN-BiGRU-Attention model. By extracting feature 
patterns across multiple time scales, FMD helps the deep learning model more accurately 
capture the changing trends and detailed features within the electricity load data, thereby 
enhancing the accuracy of short-term load forecasting. 

2.2.3. CNN 

Numerous studies have proven that Convolutional Neural Networks (CNNs) effec-
tively extract local patterns from time series data [36]. This study uses CNN to extract local 
temporal features from electricity load data. The model automatically learns local features 
through convolution operations, which help subsequent networks capture short-term 
fluctuations and local dependencies within the data. Its structure is illustrated in Figure 
2. 

Input Convolution Pooling Output  

Figure 2. CNN architecture diagram. 

The convolution operation in Figure 3 refers to applying filters (or convolution ker-
nels) to local weight and summing the input features. The formula for this operation is 
[36]: 

( )( )

( )( )

4

22
CK

k k

k

k k

E m t

E m t

µ

µ

 −  =
  −    

 (5) 

where 
( )k
ijz

 is the output value of the k-th convolutional kernel at position (i, j), X  is 

the input feature map, 
( )kw  is the weight matrix of the k-th convolutional kernel, 

( )kb  

is the bias of the k-th convolutional kernel, and ,M N  are the height and width of the k-th 
convolutional kernel. 

The Pooling operation in Figure 3 refers to the pooling process used to reduce the 
dimensionality of the feature maps. The most commonly used methods are Max Pooling 
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and Average Pooling. The formula for Average Pooling used in this study is as follows 
[36]: 

( )( )1 1
1 1

1 M N

ij i m j n
m n

p a
M N + − + −

= =

=
⋅ ∑∑  (6) 

where M  and N  are the height and width of the pooling window. 

 

Figure 3. BiGRU structure diagram. 

2.2.4. BiGRU 

Bidirectional Gated Recurrent Unit (BiGRU) is an improvement over the Gated Re-
current Unit (GRU), serving as a bidirectional variant of the GRU algorithm. BiGRU can 
simultaneously capture dependencies between past and future time steps. In contrast to 
the traditional unidirectional GRU, which can only learn from past information, BiGRU 
processes data bi-directionally, enabling it to capture better the bidirectional dependen-
cies in electricity load data [37]. This characteristic is crucial in handling electricity load 
data with complex temporal dependencies. Its basic structure is illustrated in Figure 3. 

Where t  represents the sequence length; 0x  to tx  are the input sequence repre-

senting the time series data, with a feature vector input at each time step; 0S  to tS  are 

the output sequence; 0D  to tD  are the forward GRU module outputs; 0U  to tU  are 
the backward GRU module outputs. The internal structure of the GRU module in Figure 
3 is shown in the right-side block diagram, where the core components include the reset 
gate and the update gate: 
(1) Reset Gate 

The reset gate controls how the new input is combined with the previous memory 
state [37]: 

( )1t r t r t rr W x U h bσ −= ⋅ + ⋅ + ( )1t r t r t rr W x U h bσ −= ⋅ + ⋅ +  (7) 

where tx  is the input at time step t , 1th −  is the hidden state from the previous time 

step, ,r rW U  is the weight matrix, rb  is the bias term, and σ  is the sigmoid function. 
(2) Update Gate 

The update gate determines to what extent the current hidden state should retain the 
previous hidden state [37]: 

( )1t z t z t zz W x U h bσ −= ⋅ + ⋅ +  (8) 

(3) Candidate Hidden State 

The candidate hidden state is a linear combination of the current input and the pre-
vious hidden state [37]: 
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( )( )1t h t h t t hh tanh W x U r h b−= ⋅ + ⊗⋅ +  (9) 

where ⊗  represents element-wise multiplication. 

2.2.5. Attention Mechanism 

To further improve the accuracy of the model’s electricity load forecasting, the Self-
Attention (SE-Attention) mechanism is introduced [38]. The SE-Attention mechanism as-
signs different weights to the features at different time steps or time scales, allowing the 
model to focus on the most critical time steps and feature patterns for the current load 
forecasting task [38]. This mechanism effectively prevents the model from overfocusing 
on irrelevant or secondary information, thus enhancing the accuracy of the electricity load 
forecasting. Its basic structure is illustrated in Figure 4. 

H

C
W

X

H

C W

U

C W

Y
1×1×C 1×1×C

H

SE-Attention

( )
1 1

1 , ,
H W

c
i j

cZ i j
H W = =

=
× ∑∑X

( ) ( ), , , , ci j c i j c s= ⋅Y X

( )( )2 1 1 2cs σ δ= ⋅ ⋅ + +W W z b b

( )U Ftr X=

 

Figure 4. Self-attention mechanism architecture diagram. 

Where the input feature map is H W C× ×∈X  , ,H W  represent the height and width of 

the feature map, and C  is the number of channels; the output feature map of the SE-

Attention is H W C× ×∈Y  , having the same shape as the input. The input feature map first 
undergoes a convolution operation to extract features. A part of the output goes through 

the Squeeze and Excitation operations to obtain attention weights cs , as shown in the 
upper branch of Figure 4. The other part is not processed and is multiplied element-wise 

with the attention weights cs , resulting in the final output feature map. 

2.2.6. Three-Strategy Improved CPO Algorithm and Its Optimization 

The Crowned Crested Porcupine Optimization Algorithm (CPO) was innovatively 
proposed by Abdel-Basset et al. in 2024 [39]. The core of the CPO algorithm lies in its 
simulation of four defense strategies of the crowned Crested Porcupine (visual intimida-
tion, auditory intimidation, olfactory attack, and physical attack), as shown in Figure 5. 
These strategies are applied progressively in the algorithm, corresponding to different 
stages of global exploration and local exploitation [39]. 

The mechanism of the CPO algorithm lies in its clever combination of global explo-
ration and local exploitation search strategies. Simulating the defensive behaviors of the 
crowned Crested Porcupine achieves a balance between these two approaches, thus im-
proving optimization efficiency. In this study, we improve upon the original CPO by in-
corporating chaos mapping, sine-cosine strategies, and cross-dimensional strategies, en-
riching the initial solutions and iteration process. 

The chaos mapping strategy enhances the diversity of the initial population by gen-
erating complex search trajectories using chaotic mapping [40]. The sine-cosine strategy 
enables periodic oscillatory jumps, allowing individuals to explore the search space flexi-
bly [41]. The crosswise strategy further improves solution diversity and global search 
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efficiency through crossover operations between individuals [42]. The detailed explana-
tions of these strategies are as follows. 

Initialize
Population Chaos Mapping Strategy

Golden Sine Strategy Crosswise Strategy

Obtain fitness, original iteration step size, and iteration direction

Improve iteration step size Improve iteration direction

Visual Defense
(Eq. 11-12)

Sound Defense
(Eq. 13)

Scent Defense
(Eq. 14-17)

Physical Defense
(Eq. 18-19)

Perform Iteration

Determine whether the termination 
iteration condition has been met

Output optimization results

Yes

No

Original CPO core 
iteration steps:

 

Figure 5. Strategy diagram of the three-strategy optimized CPO algorithm. 

Pseudocode for the Improved Crowned Crested Porcupine Optimization Algorithm 
1 (ICPO): 

Algorithm 1: CPO Optimization Algorithm for Three Strategy Optimization 

Input: Initialize , , , , ,max f minN T T T N
′

α ; Use chaotic mapping to initialize the solutions’ positions, , 1,2,...,iX i N= . 

Output: 
1t

ix +


, 
t
CPx


. 

1. While ( maxt T< ) do 
2.       Evaluate fitness values for the candidate solutions; 

3.       Determine the best ( CPx′


) solution so far; 

4.       Update tγ  using 2 1
max

t
t

t
max

trand
t

γ
 

= × × − 
 

; 

5.       Update the population size using %
( ) 1

max

min min
max

Tt
TN N N N T

T

′

  
  

= + − × −  
      

; 

6.       For i=1: N do 

7.           Update the , , , ;m S F δ


 

8.           Generate two random numbers, 8τ  and 9τ ; 
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9.           If 8 9τ τ<  Then 

10.               Generate two random numbers, 6τ  and 7τ ; 

11.           End If 

12.           If 6 7τ τ<  Then 

13.               Apply 1
1 22t t t t

i i CP ix x x yτ τ+ = + × × × −
   

; 

14.                Else 

15.               Apply ( ) ( )( )1
1 1 3 1 21t t t t

i i r rx U x U y x xτ+ = − × + × + × −
   

 



; 

16.               Else 
17.               Generate a random number, 

10τ ; 

18.           End If 
19.           If 10 fTτ <  Then 

20.               Apply ( ) ( )( )1 2 3

1
1 1 31t t t t t t t

i i r i r r t ix U x U x S x x Sτ δ γ+ = − × + ×× + × − − × × ×
    

  

; 

21.               Else  

22.               Apply ( )1
4 4 5( (1 ) )t t t t t

i CP CP i t ix x x x Fα τ τ δ τ δ γ+ = + − + × × − − × × ×
    

; 

23.           End If 

24.           If 1( ) ( )t t
i if x f x+ >
 

 Then 

25.               1t t
i ix x+ =
 

; 

26.           End If 
27.           1t t= + ; 
28.       End for 
29.  End while 

Where 
1t

ix +


 is the following solution in each iteration, 
t
ix


 is the initial solution for 

each iteration; 1τ , 2τ , 3τ , 4τ , 5τ , 6τ  are random numbers between 0 and 1; 
t
CPx


 

is the fitness; r   is a random number between 1 and N  ; N   is the population size, 

which is set to 100 in this study; δ


 controls the search direction; tγ  is the defense fac-

tor; 
i
tS  is the odor factor (simulating the crowned Crested Porcupine’s olfactory attack); 

α is the convergence speed factor. 
This study employs ICPO to optimize the key hyperparameters of GMM, FMD, and 

the CNN-BiGRU-Attention model, as illustrated in Figure 6. The range of hyperparame-
ters used in the experiments is determined based on multiple simulation trials and empir-
ical selection, ensuring that the optimized decision variables do not fall on the boundary 
of the defined range. Further details can be found in Section 3.3. 
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Figure 6. ICPO Optimization Strategy Diagram for Various Algorithms. 

2.3. Short-Term Load Interval Forecasting Model 

2.3.1. Input Data Structure 

This study utilizes the Belgium 2018 annual load dataset for interval-based time-se-
ries load forecasting (detailed data encoding in Section 3.1), with data sources from Elia 
Company (load and partial characteristics) [43] and “TimeAndDate” website (climate 
characteristics) [44]. The input sequence is constructed by combining the features and load 
values from the previous 24 h with the features of the current time step. The step size is 
set to 1 h, generating 24 forecasting results to obtain the load forecasting for the target day, 
as illustrated in Figure 7. In Figure 7, green and yellow dots represent the vectors and 
values of features and loads from time t-24 to time t+23, respectively. 

 

Figure 7. Input Structure of the Load Forecasting Model. 

2.3.2. Forecasting Model Framework 

This study proposes a CNN-BiGRU-Attention quantile interval forecasting model to 
enhance the accuracy of short-term electricity load forecasting. The model optimizes per-
formance by integrating CNN, BiGRU, and the Attention mechanism. CNN extracts local 
features and high-order patterns from time series data, BiGRU captures bidirectional de-
pendencies, and the Attention mechanism dynamically focuses on key feature maps. 

The proposed model employs quantile interval forecasting, providing both point and 
interval forecasting to quantify uncertainty, offering comprehensive support for power 
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dispatching. As illustrated in Figure 8, the input data undergoes preprocessing before be-
ing fed into the model, which generates forecasting results. Finally, inverse normalization 
is applied to obtain the actual load values. 

Conv2D

Conv2D

Conv2D

Conv2D

Conv2D

Conv2D

Feature 
maps

Feature 
maps

BiGRU

Input

Output

Pooling layer

GRU GRU

GRUGRU

GRU GRU

...

...

Convolution Full connected layerSE-Attention
 

Figure 8. CNN-BiGRU-Attention Architecture. 

3. Simulation Analysis 
3.1. Data Source 

The dataset used in this experiment consists of the electricity load data for the entire 
year of 2018 in Belgium. The continuous characteristic trends of the yearly data are illus-
trated in Figure 9. 

  
(a) The average temperature over time (b) The average wind speed over time 
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(c) The average sea level pressure over time (d) The average humidity over time 

Figure 9. The Average Feature Data Over Time. 

The dataset contains electricity load data for 24-time points per day throughout the 
year, covering seasonal variations and differences between weekdays and weekends in 
electricity demand. The forecasting target is electricity load, while the features include 
temperature, humidity, wind speed, and sea level pressure (raw data), along with weather 
categories, which are processed using One-Hot Encoding into a 30-dimensional represen-
tation. The features and load data are shown in Figures 9 and 10, respectively. 

 

Figure 10. The Average Load Over Time. 

This study selects samples with features similar to the target forecasting day as the 
training set, while the target forecasting day serves as the test set. To evaluate the model’s 
performance across different seasons and day types, we first extracted complete weeks 
(starting Monday, excluding cross-season weeks) from summer and winter, labeled these 
weeks, and randomly selected one week each from the two seasons—including a weekday 
and a weekend day from each season—then randomly picked a number from 1 to 5 
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(weekdays) and 6–7 (weekends), respectively, from the selected weeks, resulting in 4 days 
which are not included in the training set. The final four forecasting days chosen are July 
12, July 14, December 11, and December 16. 

3.2. Forecast Evaluation Metrics 

To comprehensively assess the performance of the proposed model and compare it 
with recent algorithms, the following evaluation metrics are used in this experiment: 
(1) RMSE 

RMSE measures the difference between the predicted and actual electricity load val-
ues. It is susceptible to more significant errors, making it a widely used metric in electricity 
load forecasting. The RMSE is defined as follows: 

2

1
ˆ1 ( )

n

i i
i

RMSE y y
n =

= ∑ −  (10) 

where iy  is the i-th actual value (observation), ˆiy  is the i-th predicted value, and n  is 
the total number of data points. 
(2) MAE 

MAE measures the average magnitude of forecasting errors in electricity load fore-
casting, reflecting the model’s accuracy across different time points. It is defined as fol-
lows: 

1

ˆ1 n

i i
i

MAE y y
n

=

= −∑  (11) 

where iy  is the i-th actual value (observation), ˆiy  is the i-th predicted value, and n  is 
the total number of data points. 
(3) MAPE 

MAPE represents the error as a percentage, measuring the model’s relative error in 
practical applications. It is defined as follows: 

1
%

ˆ1 100
n

i i

i i

y y
MAPE

n y=

−
= ∑ ×  (12) 

where iy  is the i-th actual value (observation), ˆiy  is the i-th predicted value, and n  is 
the total number of data points. 
(4) PICP 

This metric reflects the proportion of actual values that fall within the predicted in-
terval, thereby assessing the reliability of the interval forecasting. 

( ) lower ?upper

1

1 ,ˆ ˆ
n

i i i
i

PICP I y y y
n

=

 = ∈  ∑  (13) 

It represents the proportion of actual values that fall within the predicted interval 
and is used to measure the reliability of interval forecasting. 
(5) MPIW 

 upper ?lower

1

ˆ ˆ1
ˆ

n
i i

ii

y y
MPIW

n y
=

−
= ∑  (14) 

It measures the width of the forecasting interval. A smaller relative width indicates 
that the model’s forecasting is more precise. 

3.3. Model Selection and Hyperparameters 
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To validate the effectiveness of the improved algorithm model, this study compares 
the proposed algorithm with the following advanced forecasting models and a version of 
the proposed model with some components removed: 

(1) Transformer Quantile Regression Model 

Utilizes the multi-head self-attention mechanism to capture long-term dependencies 
in time series and generate quantile intervals. Parameter settings refer to [45]: hidden neu-
rons = 32, 3 hidden layers, batch size = 128, iterations = 1000, learning rate = 0.001. 

(2) LSTM Quantile Regression Model 

It uses LSTM networks to capture long-term dependencies in time series, validating 
the improved model’s effect. The parameter settings refer to [46]: input length = 5, hidden 
layer nodes = 11, activation functions = Sigmoid and PURELIN, iterations = 200, and learn-
ing rate = 0.001. 

(3) ICPO-CNN-BiGRU-Attention 

Based on the ICPO-optimized CNN-BiGRU-Attention model, it predicts load values 
by removing the FMD step. It combines CNN to extract local features, BiGRU to capture 
temporal dependencies, and the attention mechanism to focus on important information. 

(4) CNN-Attention Quantile Regression Model 

A quantile regression model with only CNN and the Attention mechanism was used 
for ablation experiments. Parameter settings refer to [47]: number of convolutional filters 
= 64, kernel size = 3, max pooling window = 2, learning rate = 0.001, batch size = 128. 

(5) CNN-BiGRU Quantile Regression Model 

A quantile regression model combining CNN and BiGRU without the Attention 
mechanism was used to assess the role of Attention. Parameter settings refer to [48]: drop-
out regularization = 0.5, optimizer = Adam, learning rate = 0.001, batch size = 128, iterations 
= 200. 

(6) FMD-CNN-BiGRU-Attention Quantile Regression Model 

After decomposing load data, it is input into the CNN-BiGRU-Attention model, but 
without the ICPO algorithm, to analyze the impact of FMD. Parameter settings refer to 
[49]: number of convolutional filters = 4 and 8, BiGRU nodes = 10, Attention size = 64, 
learning rate = 0.001, batch size = 128, iterations = 100. 

(7) Proposed model 

The hyperparameters of the proposed model are determined by ICPO, with the opti-
mization strategy as shown in Figure 6 above. 
① ICPO Optimizing GMM Hyperparameters 

The number of clusters k for GMM is optimized. The search range is limited to integer 
values between [3, 200], aiming to minimize the logarithmic error of the clustering, as 
described in Section 2.2.1. The final value of k is 19. The iterative process is illustrated in 
Figure 11. The core goal of this optimization is to minimize the logarithmic error of GMM 
clustering which serves as the dependent variable, quantifying the fitting degree between 
the GMM clustering result and the feature distribution of historical load data [34]. 

( )GMM
1 1

;1 ln ;
N k

c i c c
i c

J x
N

yπ µ
= =

 
= − ⋅ 

 
∑ ∑ 

 
(15) 

In the formula, N is the number of historical load samples; cπ  is the mixing coeffi-

cient of the c-th Gaussian component in GMM;   is the probability density function that 
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the i-th sample belongs to the c-th Gaussian component; cµ  and cy
 are the mean and 

covariance matrix of the c-th Gaussian component, respectively. 

 

Figure 11. Convergence Graph of ICPO Optimizing GMM. 

② ICPO Optimizing FMD Hyperparameters 

The optimization target is the inverse of the signal-to-noise ratio (SNR) of the FMD 
results. ICPO is used to optimize the hyperparameters of FMD, including the filter size 

1n
, the number of truncations 2n

 and the number of modes 3n
. The search ranges for 

these parameters are [1, 200], [1, 200], and [2, 200], respectively, with integer values. The 

final results are 1 3n =
, 2 6n =

, 3 10n =
, and an SNR of 26.0262 dB. The iterative process 

is illustrated in Figure 12. The objective function for this optimization is to maximize SNR 
[35], whose mathematical expression is: 

( )
( )

2
1

FMD 10 2
1

10 log
T

t
T

t

s t
J

n t
=

=

 
 = ⋅
 
 

∑
∑  

(16) 

Here, T  is the length of the load time series; ( )s t  represents the effective modal 

signal (IMF) after FMD; ( )n t  represents the noise signal remaining after decomposition. 
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Figure 12. Convergence Graph of ICPO Optimizing FMD. 

③ ICPO Optimizing CNN-BiGRU-Attention Hyperparameters 

The optimization target is the RMSE between actual and predicted values. ICPO is 
used to optimize the key hyperparameters of the model, including the initial learning rate 
(r1 ) and the learning rate drop factor (r2 ). The search ranges for these parameters are 
[0.0001, 0.1] and [0.01, 0.5], respectively. The final results are r1 = 0.01024 and r2 = 0.22. 
The iterative process is illustrated in Figure 13. The objective function for this optimization 
is to minimize RMSE, calculated as: 

 

Figure 13. Convergence Graph of ICPO Optimizing CNN-BiGRU-Attention. 

( )2
CNN BiGRU

1

ˆ1 N

i i
i

J y y
N−

=

= −∑
 

(17) 

In the formula, N is the number of prediction samples; iy
 is the actual load value 

of the i-th sample; 
ˆiy

 is the load value predicted by the CNN-BiGRU-Attention model 
for the i-th sample. 
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3.4. Forecasting Results Analysis 

The simulation experiments in this study were conducted on the following equip-
ment: Intel i7 13700KF CPU, NVIDIA TUF-RTX4070Ti-O16G GPU, 32GB Kingston 3600 
memory, 2TB WD Sn770 storage, and Windows 11 Version 24H2 operating system. The 
simulation results are shown in Figure 14. The forecasting errors of various algorithms on 
different forecast days are shown in Table 2. 

  
(a) 12 July 2018 (b) 14 July 2018 

  
(c) 11 December 2018 (d) 16 December 2018 

Figure 14. Comparison of actual and predicted values of various algorithms. 

Table 2. Forecasting errors of various algorithms on different forecast days. 

Scene 
Evalua-

tion Index 
Proposed 

Model 
QR-LSTM 

QR-ICPO-CNN-
BiGRU-Attenion 

QR-CNN-
Attention 

QR-CNN-
BiGRU 

QR-FMD-CNN-
BiGRU-Attetnion 

QR-Trans-
former 

July 
12th 

RMSE 132.30 769.24 605.21 693.27 672.14 557.45 434.44 
MAE 120.53 655.12 505.01 577.06 549.01 477.80 421.25 

MAPE 1.40 7.44 5.74 6.52 6.20 5.48 4.94 
PICP 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

MPIW 0.35 0.45 0.39 0.39 0.38 0.36 0.36 

July 
14th 

RMSE 196.99 953.58 1072.33 1025.45 1119.60 1095.02 348.67 
MAE 157.61 837.21 887.43 868.58 935.38 913.25 337.86 

MAPE 2.18 11.96 12.89 12.55 13.56 13.23 4.57 
PICP 1.00 1.00 1.00 1.00 1.00 1.00 1.00 
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MPIW 0.42 0.50 0.49 0.51 0.46 0.43 0.43 

De-
cember 

11th 

RMSE 245.83 1680.13 1471.37 1615.36 1517.79 1494.24 548.29 
MAE 214.24 1500.60 290.00 158.68 140.25 141.68 1009.04 

MAPE 2.01 13.70 12.38 13.43 12.44 12.09 5.03 
PICP 0.89 0.83 0.88 0.82 0.83 0.79 0.82 

MPIW 0.36 0.41 0.42 0.44 0.40 0.43 0.43 

De-
cember 

16th 

RMSE 220.99 791.43 799.62 864.16 774.04 778.22 367.34 
MAE 194.75 673.53 648.10 715.43 614.17 635.02 344.63 

MAPE 2.03 7.40 7.20 7.96 6.87 7.04 3.71 
PICP 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

MPIW 0.43 0.45 0.45 0.48 0.45 0.43 0.43 

Figures 14 and 15 show that the proposed model demonstrates superior fitting per-
formance compared to other models during different periods. Among them, the abscissa 
and ordinate of each point in Figure 15 correspond to the actual value and predicted value 
of the same time step. It effectively captures the actual load variation trends, and the point 
forecasting curve has a high degree of alignment with the actual load curve. According to 
the PICP in Table 2, the proposed interval forecasting algorithm provides higher reliabil-
ity for each forecasting point than the comparison algorithms. The forecasting curves of 
the QR-Transformer and QR-LSTM models are relatively smoother, indicating that these 
models may not perform as well in handling high fluctuations in load compared to the 
model proposed in this paper. Models such as QR-CNN-BiGRU-Attention, QR-CNN-At-
tention, and QR-CNN-BiGRU also track the actual load variation trends to some extent 
but exhibit lower accuracy during critical load fluctuation periods. 

(1) Summer Weekdays and Weekends (Figure 14a,b) 

On July 12 (weekday) and July 14 (weekend), the proposed model can predict the 
load peaks and valleys well and captures the periodic fluctuations of the load throughout 
the day. Other models show significant deviations in some key load peak or valley re-
gions, especially during the morning and evening load peak periods. QR-Transformer and 
QR-LSTM models may have issues predicting load valleys, either overestimating or un-
derestimating them, while QR-CNN-Attention and similar models display slightly de-
layed curves. The proposed model achieves a 100% PICP score and a minimal MPIW 
score, indicating accurate coverage while maintaining lower uncertainty. 

(2) Winter Weekdays and Weekends (Figure 14c,d) 

On December 11 (weekday) and December 16 (weekend), the proposed model again 
demonstrated outstanding forecasting performance, particularly during peak periods and 
areas with significant fluctuations in the morning and evening. The forecasting curve of 
the proposed model closely aligns with the actual load curve. QR-LSTM and QR-Trans-
former models showed relatively poor forecasting accuracy during load valleys, failing to 
fully follow the actual load valley trend and exhibiting some delay or over-smoothing. 
QR-FMD-CNN-BiGRU-Attention performed similarly to the proposed model, indicating 
that FMD and the Attention mechanism help improve forecasting accuracy. The proposed 
model achieved the highest PICP score on both days and the lowest MPIW score on De-
cember 16, indicating accurate coverage and relatively low uncertainty. Although the pro-
posed model’s MPIW score on December 11 was not the lowest among all, the highest 
PICP score shows that the model improved coverage by appropriately expanding the in-
terval width. This trade-off could be due to higher load fluctuations and inherent uncer-
tainty on that day. 
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(a) 12 July 2018 (b) 14 July 2018 

  
(c) 11 December 2018 (d) 16 December 2018 

Figure 15. The Actual and Predicted Values of the Proposed Algorithm. 

The proposed model showed strong forecasting ability across all periods, particularly 
in capturing load peaks, valleys, and other high-volatility periods. By incorporating FMD, 
Attention mechanisms, BiGRU, and ICPO-optimized models (i.e., the Proposed Model), 
the model effectively handles the non-linearity and volatility in load data. While capable 
of forecasting, traditional QR-LSTM and QR-Transformer models performed worse than 
the proposed model during high-volatility periods, mainly exhibiting over-smoothing or 
delay. QR-CNN-Attention and QR-CNN-BiGRU models showed improved accuracy but 
faced limitations in handling complex load fluctuations. 

The proposed improved model performed best in forecasting accuracy, volatility 
tracking, and capturing high and low load periods, demonstrating that incorporating 
FMD, BiGRU, Attention mechanisms, and the ICPO algorithm’s integrated strategy sig-
nificantly enhances forecasting performance in short-term load forecasting. 

3.5. Sensitivity Analysis 

Sensitivity analysis assesses the impact of small changes in input variables on the 
model’s output. In this study, other features were kept constant while a designated per-
centage adjusted a specific feature. MAPE was calculated to identify the features most 
sensitive to electricity load forecasting results. The analysis was performed for four fea-
tures on the four forecasting days, with the results shown in Figure 16. It can be seen that 
when the adjustment magnitude is 0%, MAPE is minimized, but the error does not always 
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increase with the adjustment magnitude. Overall, the forecasting results are most sensi-
tive to temperature and humidity. 

  
(a) 12 July 2018 (Case 1) (b) 14 July 2018 (Case 2) 

  
(c) 11 December 2018 (Case 3) (d) 16 December 2018 (Case 4) 

Figure 16. Sensitivity Analysis of Each Feature. 

3.6. Interpretability Analysis 

To improve the interpretability of the model, this study uses a chord diagram for 
analysis, as shown in Figure 17. The diagram contains eight rings, with four feature rings, 
including Temperature, Humidity, Wind Speed, and Sea Level Pressure (SLP). The other 
four rings represent forecasting days: Winter Working Days (WD-W), Summer Working 
Days (WD-S), Winter Holidays (HD-W), and Summer Holidays (HD-S). The chords be-
tween the feature rings and the forecasting day rings represent the extent to which each 
feature influences the forecasting day, with the thickness of the chord reflecting the 
strength of the influence. The values on the outer side of the rings are SHAP values. 
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Figure 17. SHAP Interpretability Analysis. 

To calculate the impact of each feature on different forecasting days, this study uses 
Shapley (SHAP) values to analyze the influence of each feature quantitatively. For the i-

th feature vector, its SHAP value ( )i xφ
 can be computed using the following formula: 

( ) ( )
{ }
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\
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where { }1,2, ,N m= …
 is the set of all features. S is an arbitrary subset of the feature set N, 

and i S∉ . f(S) is the model’s forecasting on the subset S (i.e., forecasting is made using 

only the features in subset S); 
{ }( ) f S i∪

 is the model’s forecasting on the subset S and 

feature i. 
S

 is the size of subset S. The weight 
( )! 1 !

!

S m S

m

− −

 is the combination weight, 
representing the probability of the subset S appearing. 

Based on Figure 17, temperature has the most significant impact on the four forecast-
ing days, with its influence being slightly higher in summer than in winter. The effects of 
wind speed and humidity are pretty consistent, with wind speed having a slightly more 
significant effect than humidity, and again, the impact is more substantial in summer than 
in winter. Sea level pressure has the least impact, showing almost no difference across the 
four forecasting days, and can be considered negligible. 

4. Conclusions 
Improved Crowned Crested Porcupine Optimization Algorithm (ICPO) integrated 

with Feature Mode Decomposition (FMD) and deep learning (QR-ICPO-FMD-CNN-
BiGRU-Attention) for short-term electricity load forecasting was studied in this research 
paper. The original CPO algorithm was improved by introducing chaos strategies, chaos 
sine-cosine cross strategies, and golden sine strategies, significantly enhancing its global 
search capability and optimization efficiency. The research results indicate that this model 
outperforms the comparison models in several metrics (RMSE, MAE, MAPE, PICP and 
MPIW), demonstrating strong generalization and adaptability and providing higher ac-
curacy and stability for short-term load forecasting. The specific findings include: 
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(1) Effectiveness of the Improved Optimization Algorithm 

The load forecasting results show that the improved ICPO algorithm exhibits excel-
lent optimization capabilities, and the performance of the model is significantly enhanced. 
Better forecasting results are delivered by the model across various complex load scenar-
ios. 
(2) Model Integration and Performance Improvement 

By integrating FMD with deep learning models, the decomposition, clustering, opti-
mization, and forecasting modules work efficiently together. For the improved ICPO-
FMD-CNN-BiGRU-Attention model, at least a 39.84% improvement in RMSE, 26.12% in 
MAE, and 45.28% in MAPE is achieved. 
(3) Model Adaptability and Robustness 

The PICP and MPIW metrics of the proposed model are improved by at least 3.80% 
and 2.27%, respectively. This indicates that the information density and practical value of 
the forecasting intervals are significantly enhanced by the model while a 95% confidence 
level is ensured. Furthermore, the reliability and uncertainty analysis of the forecasting 
results shows that the model not only outperforms comparison models in terms of accu-
racy but also demonstrates stronger adaptability and robustness in complex load fluctua-
tion scenarios, and reliable support is provided for short-term electricity load forecasting. 

Although strong performance is shown by the proposed model, limitations in com-
putational complexity, data dependency, and scenario generalization still exist. Future 
work may involve the simplification of the model, efficient data processing, and broader 
scenario validation, so as to enhance its practicality and adaptability. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

FMD Feature Mode Decomposition 
CNN Convolutional Neural Network 
BiGRU Bidirectional Gated Recurrent Unit 
CPO Crested Porcupine Optimizer 
ICPO Improved Crested Porcupine Optimizer 
GMM Gaussian Mixture Model Clustering 
ICPO-GMM GMM optimized using ICPO 
ICPO-FMD FMD optimized using ICPO 
IMFs Intrinsic Mode Functions 

CNN-BiGRU-Attention 
Convolutional Neural Network—Bidirectional Gated Recurrent Unit—
Attention Mechanism 
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RMSE Root Mean Squared Error 
MAE Mean Absolute Error 
MAPE Mean Absolute Percentage Error 
PICP Forecasting Interval Coverage Probability 
MPIW Mean Forecasting Interval Width 
ARIMA AutoRegressive Integrated Moving Average 
SARIMA Seasonal AutoRegressive Integrated Moving Average 
SVM Support Vector Machine 
PSO Particle Swarm Optimization 
GA Genetic Algorithm 
K-means K-means Clustering 
FCM Fuzzy C-means Clustering 
DBSCAN Density-Based Spatial Clustering of Applications with Noise 
ISODATA Iterative Self-Organizing Data Analysis Technique 
DBFCM Density-Based Fuzzy C-means Clustering 
NAR Nonlinear Autoregressive Model 
GRA Grey Relational Analysis 
LSC Least Squares Classification 
AHC Agglomerative Hierarchical Clustering 
RBF-ARX Radial Basis Function AutoRegressive with Exogenous Inputs 
LSTM Long Short-Term Memory 
GRU Gated Recurrent Unit 
QR-CNN-BiGRU-Atten-
tion 

Quantile Regression Convolutional Neural Network-Bidirectional Gated 
Recurrent Unit-Attention 

ICPO-QR-CNN-BiGRU-
Attention 

Improved Catch Fish Optimization-Quantile Regression Convolutional 
Neural Network-Bidirectional Gated Recurrent Unit-Attention 

CK Clustering Kernel 
CPR Cumulative Forecasting Residual 
QR-transformer Quantile Regression Transformer 
QR-LSTM Quantile Regression Long Short-Term Memory 
QR-CNN-Attention Quantile Regression Convolutional Neural Network-Attention 

QR-CNN-BiGRU 
Quantile Regression Convolutional Neural Network-Bidirectional Gated 
Recurrent Unit 

QR-FMD-CNN-BiGRU-
Attention 

Quantile Regression Feature Mode Decomposition Convolutional Neu-
ral Network-Bidirectional Gated Recurrent Unit-Attention 

SHAP Shapley Additive exPlanations 
2D Two-dimensional diagram 
3D Three-dimensional diagram 
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