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Abstract 
Aiming at the core concept of green development, a short-term load prediction method 
based on CEEMDAN-Attention-BiGRU is proposed. Firstly, the modal decomposition of 
the original load sequence is carried out by using Complete EEMD with Adaptive Noise 
(CEEMDAN), and the modal components of each intrinsic mode function with different 
frequencies are predicted by Bidirectional Gate Recurrent Unit (BiGRU) based on 
attention mechanism with different hyperparameters. Finally, the final load prediction 
results are obtained by combining the prediction values through the full connection 
layer. The simulation results show that the method proposed in this paper can effectively 
improve the accuracy of short-term load prediction and has practical application value. 
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1. Introduction 

Accurate and efficient short-term power load forecasting is the prerequisite for ensuring the safe and 
reliable operation of power system and the basis for rationally arranging power generation plan in 
power grid [1]. Therefore, improving the prediction accuracy of short-term power load meets the 
connotation of sustainable development and is the inevitable requirement of green development. 

The load prediction is influenced by various factors such as season, temperature, load itself and 
electricity price. At present, the main short-term load prediction methods include regression analysis 
and machine learning. Regression analysis builds predictive models through quantitative 
relationships between variables, such as ARIMA [3], least squares [4], etc. From a statistical point of 
view, these methods are fast to calculate, require small computing resources, and are suitable for 
stable series with small fluctuations, but it is difficult to meet the accuracy requirements of short-term 
prediction at the current stage. Predictive methods based on machine learning are divided into 
traditional machine learning and deep learning. The paper [5] uses grey relational projection 
algorithm to select historical load, and introduces real-time electricity price, and uses PSO-SVM to 
predict power load. The paper [6] uses wavelet decomposition to decompose the original load 
sequence into two parts: high frequency and low frequency, and constructs BP neural network to 
predict the components. Such methods can learn nonlinear relationships between variables, but it is 
difficult to effectively mine time sequence relationships between data [7]. In recent years, with the 
rapid development of artificial intelligence, many domestic and foreign scholars have studied the 
application of deep learning in the field of short-term load prediction. Among them, the recurrent 
neural network dominated by RNN and its variants is widely valued for its unique advantages in the 
field of time series analysis. Literature [8] Using LSTM neural network to predict short-term load of 
smart grid under real-time electricity price condition. The paper [9] takes into account the nonlinear 
and chronological characteristics of load data and makes use of GRU-NN model to predict short-term 
load, which improves prediction accuracy. 
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Based on the analysis of the volatility and timing of loads, a short-term load prediction model based 
on Complete EEMD with Adaptive Noise and Bidirectional Gate Recurrent Unit with Attention 
mechanism is presented. The method first decomposes the original load sequence by CEEMDAN, 
then an Attention-BIGRU neural network with different hyperparameters is constructed to predict the 
intrinsic mode function of different frequencies and the predictive values are integrated through the 
full connection layer, and the final output is measured. Finally, the validity of this model is verified 
by real data instance validation. 

2. Theoretical Foundation 

2.1 Complete EEMD with Adaptive Noise 

EEMD [10] and CEEMD [11] alleviate the problem of mode superposition in EMD [12] by adding 
Gaussian white noise to the original signal, but the problem of residual white noise in EEMD and 
CEEMD are not conducive to subsequent signal analysis. In response to the above problems, Maria 
Eugenia Torres and others proposed the CEEMDAN algorithm [13], which solves the above problem 
from two angles: 1) Adding the intrinsic mode function of each order of white noise decomposed by 
EMD during decomposition instead of adding Gaussian white noise directly to the original signal. 2) 
After the first-order intrinsic mode function is obtained, the overall average and repetitive operation 
is carried out to prevent the transfer of white noise from high frequency to low frequency. 

2.2 Bidirectional Gate Recurrent Unit 

GRU simplifies the network structure on the basis of the LSTM neural network, merging the forget 
gate with the update gate, effectively reducing the computational cost in small sample learning [14-
15]. GRU can read information in one direction only, and future moment information cannot provide 
feedback on the current sequence. BiGRU solves the above problem by introducing a reverse GRU 
and connecting the hidden layer to the same output node. The GRU and BiGRU structures are shown 
in Figure 1 - Figure 2, and the calculation process is shown in Formula 1 - Formula 5. In-style 𝑟  and 
𝑧  are reset and update gate; 𝜎  is a Sigmoid activation function; 𝑡𝑎𝑛ℎ  is hyperbolic tangent 
activation function; 𝑊 and 𝑊  are the weight matrices of the reset gate and the update gate, 
respectively, in which 𝑤  and 𝑣 are the weight matrices of the front and reverse hidden states, 
respectively. 

 

 
Figure 1. Structure of GRU 

 

 
Figure 2. Structure of BiGRU 
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𝑟 = 𝜎(𝑊 ⋅ [ℎ , 𝑥 ]) (1) 

 

𝑧 = 𝜎(𝑊 ⋅ [ℎ , 𝑥 ]) (2) 

 

ℎ = tanh (𝑊 ⋅ [𝑟 ∗ ℎ , 𝑥 ]) (3) 

 

ℎ = (1 − 𝑧 ) ∗ ℎ + 𝑧 ∗ ℎ (4) 

ℎ⃗ = 𝐺𝑅𝑈 𝑥 , ℎ ⃗  

ℎ⃖ = 𝐺𝑅𝑈 𝑥 , ℎ⃖ (5) 

𝑦 = 𝑤ℎ⃗ + 𝑣ℎ⃖  

2.3 Attention Mechanism 

The attention mechanism simulates the way the human brain handles information. By weighted 
processing on the area of interest to highlight the effects of strong correlation characteristics and 
reduce the effects of secondary features and noise, a more accurate prediction result [16] is obtained. 
The process of calculating the attention mechanism is shown in Formula 6 and Formula 7. In formula 
𝑋 is the BiGRU hidden layer output, 𝑊 , 𝑊  and 𝑊  are three trainable parameter matrices, 

𝑑  is the dimension size of 𝐾. 

 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑄, 𝐾, 𝑉) = (
𝑄𝐾

𝑑
) 𝑉 (6) 

 

𝑄 = 𝑋𝑊 ；𝐾 = 𝑋𝑊 ；𝑉 = 𝑋𝑊 (7) 

3. Case Indicates 

The method presented in this paper is verified using the actual data, a total of 116,189 records with a 
sampling interval of 10 minutes. Divide the data set into training sets, validation sets, and test sets by 
8:1:1. 

3.1 Evaluation Index 

This paper uses Mean Absolute Error (MAE), Mean Absolute Percent Error (MAPE), Root Mean 
Square Error (Root mean square error (RMSE)) and 𝑅  score as evaluation indicators. The formula 
is calculated as follows: 

 

𝑀𝐴𝐸 =
1

𝑛
|𝑦 − 𝑦 | (8) 

 

𝑀𝐴𝑃𝐸 =
100%

𝑛
|𝑦 − 𝑦 | /𝑦 (9) 

 

𝑅𝑀𝑆𝐸 =
1

𝑛
(𝑦 − 𝑦 ) (10) 
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𝑅 =
(𝑦 − 𝑦)

∑ (𝑦 − 𝑦)
(11) 

3.2 Case Analysis 

Visualize some of the raw data as shown in Figure 3. The original load sequence fluctuates greatly 
and contains a large number of high frequency signals, so CEEMDAN is used to decompose the 
original signal. The decomposition result is shown in Figure 4, and the decomposed signal is arranged 
from high to low frequency. It can be seen that the decomposed mid-frequency and low-frequency 
intrinsic mode functions are less volatile and has good periodicity. 

 

 
Figure 3. Original Signal 

 

 
Figure 4. Intrinsic Mode Function and Residual 

3.3 Comparative Analysis 

By comparing and analyzing BP neural network, support vector machine, BiGRU and BiGRU-
Attention model, the parameters of BiGRU neural network in each model are consistent, and the 
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validity of the proposed model is verified. In this paper, CEEMDAN is used to decompose the original 
signal, and the result is used as input of BiGRU-Attention neural network. Finally, the predictive 
value of each intrinsic mode function is combined through the full connection layer as the final output. 
The projected results are shown in Figure 5 and the evaluation indicators are shown in Table 1. 

 

 
Figure 5. Prediction Results of Different Models 

 

Table 1. Evaluation of predicted results 

Model MAE/MW MAPE/% RMSE/MW 𝑅  

The Proposed Model 97.34 1.21 138.55 0.976 

BP 306.61 3.55 458.81 0.776 

SVM 239.48 2.76 303.82 0.832 

BiGRU 164.49 2.21 212.07 0.873 

BiGRU-Attention 132.94 1.51 175.06 0.944 

 

It can be seen from Table 1: For the four evaluation indexes, the short-term load prediction model 
presented in this paper has obtained the best prediction results. Compared with traditional machine 
learning methods (BP, SVM), the prediction results of this model are more accurate, and the RMSE 
decreases by 320.26MW and 165.27 respectively, which proves that the proposed model has good 
tracing ability for large fluctuating conformity series. Compared with BiGRU neural network, this 
paper introduces attention mechanism to weigh the output of BiGRU hidden layer, which effectively 
reduces the weights of non-critical features and improves the prediction accuracy. Compared with the 
BiGRU-Attention neural network, the RMSE of this model is reduced by 36.51. The results show that 
separate prediction of each intrinsic mode function after CEEMDAN decomposition can effectively 
reduce the effect of high frequency signal prediction difficulty and error on the result. 

4. Conclusion 

Aiming at the core concept of green development, a short-term load prediction model based on 
CEEMDAN-Attention-BiGRU is proposed. The main conclusions are as follows. 
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By using CEEMDAN for modal decomposition of the original load sequence and separate prediction 
of each intrinsic mode function of different frequencies, the effect of high frequency signal prediction 
difficulty and error on the result is reduced, and the prediction accuracy is improved. By simulating 
the way human brain processes information, the attention mechanism can weigh the strong correlation 
features, highlight the key features, and reduce the influence of secondary features and noise, and get 
more accurate prediction results. Finally, through the comparative analysis of various models, it is 
proved that this method has practical application value. 
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