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Abstract 

The development of the Energy Internet under the China 'dual-carbon' strategy has bring new challenges in load identification 
and anomaly detection, particularly in industrial applications. Traditional methods often struggle with the sparse, noisy 
nature of industrial load data, limiting their generalization ability and accuracy. This paper proposes a novel load 
identification method based on the CEEMD-PCA-AE-Shapelet dictionary learning algorithm, which addresses these 
challenges by combining an improved unsupervised anomaly detection model (CEEMD-PCA-AE) with the Shapelet 
dictionary learning algorithm. Firstly, CEEMD-PCA-AE enhances the model’s ability to handle non-linear and noisy data, 
significantly improving the generalization and accuracy of industrial load anomaly detection. Secondly, the Shapelet 
dictionary learning algorithm reduces computational complexity and improves model performance by incorporating 
dictionary learning into time-series classification. The proposed method outperforms traditional models, as demonstrated by 
numerical experiments, offering enhanced load identification accuracy, and improved detection of anomalies. This method 
has significant potential for optimizing the efficiency of energy management in industrial settings and can be applied 
globally, as shown by its effectiveness on real-world data from Liaoning Province, China. 
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1. Introduction

Under the China “dual-carbon” strategy, power system 
transformation has attracted much attention [1-2], and the grid 
integration of renewable energy and controllable loads has 
brought new challenges to power system management, 
especially in load identification and anomaly detection [3-5]. 
Industrial power consumption accounts for a large portion of 
the total power consumption, its time pattern is complex [6], 
and the data is usually characterized by high dimensionality, 
sparsity, and noise, etc [7-8]. Traditional load identification  

*Corresponding author. Email: 2125786732@qq.com 

methods are difficult to deal with these characteristics, which 
leads to a reduction in load identification efficiency [9-10]. 

Anomaly detection and unknown load identification play a 
crucial role in understanding industrial electricity 
consumption [11]. However, detecting anomalies becomes 
increasingly difficult as the volume and complexity of data 
grows. Currently, deep learning-based models are widely used 
in this field of anomaly detection [12-13]. Deep learning 
models such as Deep Belief Networks, Convolutional Neural 
Networks and Autoencoders have demonstrated strong 
capabilities in processing high-dimensional features and 
detecting anomalies [14-15]. However, due to the presence of 
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sparsity and noise in industrial load data, traditional methods 
still face challenges and need to be improved to increase their 
efficiency [16]. In addition, traditional load identification 
techniques usually rely on direct feature extraction, 
processing each sampling point independently while ignoring 
the time dependencies. Since industrial load profiles exhibit 
strong time-series characteristics, disregarding these 
dependencies can lead to poor classification accuracy and 
interpretability [17]. In addition, sampling processes in 
industrial environments occur at intervals of 15-30 minutes, 
sometimes more frequently, which can lead to increased data 
redundancy and computational complexity. Therefore, there 
is a need to propose improvements to the traditional load 
identification methods in order to improve the efficiency and 
quality of load identification. 

To address these challenges, a new energy Internet load 
identification method based on CEEMD-PCA-AE-Shapelet 
dictionary learning algorithm is proposed in this paper. The 
CEEMD-PCA-AE in the load identification method proposed 
in this paper solves the problem of noise and outliers, and the 
Shapelet dictionary learning algorithm is able to classify and 
identify unknown loads. Firstly, CEEMD is combined with 
PCA and AE for the problems of poor model generalization 
and the inability to deal with non-linear complex data. 
Secondly, the idea of dictionary is introduced into the 
Shapelet algorithm in order to reduce the computation and 
improve the generalization ability of the model. Finally, a 
novel energy internet load identification method based on 
CEEMD-PCA-AE-Shapelet dictionary learning algorithm is 
proposed to optimize the detection of abnormal load data and 
to improve the computing speed and generalization ability of 
load identification. 

The contributions of this paper are summarized as follows: 
(1)A CEEMD-PCA-AE-Shapelet dictionary learning

model is proposed to improve the accuracy of load 
identification for the first time. The model is used to detect 
anomalies in industrial load data and optimize unknown load 
identification. Thus, the accuracy of load recognition can be 
improved. This results in better and accurate identification of 
unknown load types. The experimental results demonstrate 
that the CEEMD-PCA-AE-Shapelet dictionary learning 
model improves the accuracy of load identification. 

(2) The method saves the characteristics of target
modelling data and simulation requirements. The CEEMD-
PCA-AE-Shapelet dictionary learning model is built to 
detection of abnormal load data. The optimization method 
based on the introduction of the dictionary learning idea 
improves the generalization ability of the load recognition 
model. This enables the reconstructed load recognition model 
to effectively identify the type of unknown load. 

(3) This paper fills the gap in the literature by investigating
the trend of the impact of different load identification methods 
on the performance of industrial load identification. The error 
of including large fluctuation data in the overall load model 
modelling is reduced. The combination of CEEMD-PCA-AE 
and Shapelet dictionary learning algorithm effectively 
improves the load identification accuracy, and a CEEMD-
PCA-AE-Shapelet dictionary learning model is proposed. The 

effectiveness of the algorithm is verified by the actual load 
data in Liaoning Province, China. 

The rest of the paper is organized as follows. Section 2 
introduces the CEEMD-PCA-AE model and discusses how it 
can solve the problem of sensitivity to noise and outliers. 
Section 3 describes the Shapelet dictionary learning algorithm 
and how it improves the running speed and generalization of 
load recognition. A case study is presented in Section 4. 
Finally, Section 5 gives conclusions. 

2. Rationale and role of the CEEMD-PCA-
AE model

CEEMD is a method used for the decomposition of nonlinear 
and non-smooth signals, which decomposes the original 
signal into multiple intrinsic mode functions (IMFs), which in 
turn allows the extraction of key feature information from the 
signal [18-19]. PCA is a method for dimensionality reduction 
of data, which aims at identifying the main components of the 
data for the purpose of dimensionality reduction [20]. AE is a 
neural network model that learns the latent representations in 
the data and reconstructs the original data [21]. Combining 
CEEMD, PCA and AE can effectively detect anomalies in 
industrial load data. 

Firstly, since the traditional PCA method is very sensitive 
to noise and often interfered by noise, which leads to the 
output results not matching with the actual situation, the 
CEEMD method is used to reduce the noise of the data set in 
order to improve the model's anti-noise performance. 
Secondly, the self-encoder can achieve excellent outlier 
detection effect when dealing with low-dimensional data, 
however, when faced with sparse data for dimensionality 
reduction, its detection performance will be significantly 
reduced, and it is difficult to achieve effective identification 
of outliers. In view of the shortcomings of the current data 
anomaly detection model based on the conventional 
autoencoder, it is improved by introducing the idea of 
principal component analysis (PCA) in the construction of the 
model, and dividing the input data into normal and abnormal 
data parts, in which the normal data part will be reconstructed 
and outputted by the autoencoder. The PCA is more effective 
in dealing with the linear data, but the detection effect is 
average when facing the nonlinear data, and the AE has a 
strong capability of dealing with the nonlinear data, so the two 
are combined to improve the accuracy of anomaly detection. 

The CEEMD-PCA-AE model is divided into four main 
stages: 
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Figure 1. CEEMD-PCA-AE mode 

(1) CEEMD performs noise reduction. (2) PCA is
responsible for selecting key features from the data to reduce 
the data dimensionality and removing redundant features, and 
then this dimensionality reduced data is used as an input for 
AE; (3) the input data is reconstructed by using the AE 
method, and then it is coded and decoded to obtain the 
reconstructed data; and (4) the reconstruction error is 
calculated and outliers are judged. Figure 1 shows the 
CEEMD-PCA-AE anomaly detection model. Figure 1 shows 
the CEEMD-PCA-AE outlier detection model. 

3. Industrial Load Recognition Based on
Shapelet Dictionary Learning Algorithm

3.1 Shapelet Algorithm 

Shapelet refers to the most recognizable sequence in a time 
series, which can maximize the category information of the 
time series. The distance between each sampling point and 
Shapelet is calculated as a criterion of similarity, which is 
used as a load recognition time series feature. On this basis, a 
new load identification method is proposed, i.e., whether the 
time series samples contain Shapelets of corresponding 
categories is used to achieve unknown load identification. The 
time-series trajectory features fully consider the continuity of 
the sample points, which can effectively improve the 
classification accuracy. The use of Shapelet method to extract 
time-series trajectory features with low dimensionality can 
effectively improve the classification efficiency. The working 
principle of Shapelet is as follows: 

(1) Traversing the data and extracting candidate Shapelet.
each time series in the loaded dataset is traversed using sliding 
window and time series with similar characteristics are 
extracted as candidate Shapelet. 

(2) Calculate Information Gain (IG). Information gain is
constructed by calculating the shortest distance between the 
extracted Shapelet and each time series to construct the 
shortest distance ranking line. To calculate the Information 
Gain, the maximum split point of IG is selected as the optimal 
split point, as shown in equation (1). 

1 2( ) ( ) ( )left right
n nIG E T E T E T
n n

= − −  (1) 

where 1n  and 2n  are the number of time series of category 

1 and category 2, respectively, leftT and rightT are the sets 
composed of time series to the left and right of the split point, 
respectively, and ( )E ⋅  is the information entropy function, 
as shown in equation (2). 
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(3) The Shapelet with the largest information gain is
selected as the best Shapelet. 

3.2 Dictionary Learning Algorithm 

Dictionary learning is mainly used to reconstruct and reduce 
the dimensionality of the data in order to quickly find 
information about the data and classify the data [22].The core 
idea of dictionary learning is to reconstruct an arbitrary signal 
by a linear combination of a specific set of dictionaries so that 
its coefficients are sparse. 

A classical dictionary learning model representation is 
shown in equation (3): 
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where, T is the input dataset; [ ]1 2, ,... K m
KZ Z Z Z ×= ∈   is 

the dictionary to be learnt, where each element KZ   is an 

atom of the dictionary; n Kα ×∈  denotes the sparsity 
coefficients learnt from the data, λ  is the weights for 
balancing the reconstruction error and sparsity; and c  is the 
scaling factor to avoid dictionary distortions that produce a 
mundane solution. 

Through the analysis of the Shapelet algorithm, it can be 
found that the processing of the time series is to carry out a 
linear combination of local shape features, which is similar to 
dictionary learning, and the combination of the two will 
greatly improve the efficiency and accuracy of classification. 
Therefore, the dictionary learning method is introduced into 
the Shapelet algorithm to improve the efficiency and accuracy 
of the Shapelet algorithm in processing the load curve. 

3.3 Construction of SDL-based industrial load 
recognition model 
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Through the analysis and optimization of industrial load, it 
can achieve the fine management of the industrial production 
process, improve the production efficiency and reduce the 
cost of energy consumption. The industrial load recognition 
based on Shapelet dictionary learning algorithm introduces 
the idea of dictionary to identify the temporal trajectory of the 
load curve. This approach improves both the computing speed 
and generalization ability of Shapelet as well as the efficiency 
and accuracy of load recognition. The model of SDL 
algorithm is shown in equation (4): 
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where the input is a time series data set T and the outputs are: 
sparse coefficients { }ikα  ; a Shapelet dictionary 

[ ]1 2, ,... kD d d d=  consisting of K atoms, each atom kd  is a 

Shapelet of length p; ikq   is a translation parameter. The 
hyperparameters to be tuned are: the number of Shapelets K, 
the length p, the weight λ , and the scaling factor c. For the 
sparse coefficients α   and the Shapelet dictionary D the 
initial values are given. 

Optimizing the Shapelet dictionary learning model 
(1) Update the translation parameters

Fixing α  and d  to find the optimal panning parameter q .

2
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Using the enumeration method, find the shortest Euclidean 
distance between the Shapelet and all subsequences to find the 
best *

kq : 
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−∑   is the reconstructed residuals 

of all other Shapelets. 
(2) Update the sparsity coefficients
Fix d   and q   to find the optimal sparsity coefficients

α . 
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If there is no constraint, there exists an irreducible point of 

kα  with respect to kα , whereas Eq. (7) has the property of 
being reducible in the domain of definition due to the non-

negative constraint kα of α  . The optimal kα can be 
found: 
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where, a change in kq  changes the positivity and negativity 

of (d , ) tT
k kQ q λ−  , which affects the derivability of 

Equation (8), so in each macrocycle, Steps 1 and 2 are iterated 
through a small cycle to reach convergence before being 
passed on to the next step. 

(3) Update the Shapelet dictionary
Fixing α  and q  to find the optimal Shapelet dictionary 

d . 
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Shapelet Transformation 
Shapelet transformation operation is used to make the features 
available for classifier learning. The Shapelet transformation 
operation converts the time series into a feature space. After 
extracting all Shapelet dictionaries, the minimum distance 
criterion is used to determine the Euclidean distance between 
a Shapelet subsequence k

S of length l and a subsequence l
iX of 

the same length in the load curve. 

Construction of Random Forest Classification 
Model 
Random Forest adopts the integration idea of Bagging 
algorithm and improves the generalization ability and stability 
of the overall model by taking putative regression sampling of 
the training dataset, then training an independent model for 
each subset, and finally combining the prediction results of 
these models to improve the generalization ability and 
stability of the overall model [23-24]. 

4. Analysis of examples

This paper presents a case study using the CEEMD-PCA-AE-
Shapelet dictionary learning model to determine its 
effectiveness based on load data in an industrial park in 
Liaoning Province, China. All experiments were done on a 
server with Intel Xeon Gold 6248R CPU, NVIDIA Tesla 
V100 GPU, and Python 3.8, PyTorch 1.9.0, scikit-learn 1.0.2 
software framework. The loads are typically 96-point 
industrial load data with 15-minute intervals, containing a 
total of 12,000 samples covering four types of loads: 
machinery, glass, steel, and cement. The training set is 80% 
data (9,600 entries), which is chronologically divided into the 
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first 70% for model training and the last 10% for validation 
set hyper-parameter tuning. The test set is 20% data (2,400 
entries) covering different seasons and production cycles to 
ensure generalizability assessment. In practice, the raw load 
data first needs to be noise reduced to eliminate anomalous 
data. Finally, four electricity usage patterns such as 
machinery, glass, steel as well as cement are input into the 
Shapelet dictionary learning module as category labels and the 
best results are filtered by time and sample point comparisons. 
At the same time, in order to prove the effectiveness of the 
proposed method, the relevant comparisons are made in the 
examples. Table 1 shows the parameters of each module of 
the CEEMD-PCA-AE-Shapelet model. 

Table 1. Parameters of the modules of the CEEMD-
PCA-AE-Shapelet model 

model parameter name parameter 
value 

CEEMD-
PCA-AE 

CEEMD decomposition layer 8-layer IMF 
PCA retained variance ratio 95% 

AE network structure 

encoder:  
128→64 
decoder:  
64→128 

AE activation function ReLU 
Shapelet 

dictionary 
learning 

Shapelet length range 5-30 samples 
number of dictionary atoms (K) 50 

sparsity weight (λ) 0.1 
 

Random 
Forest 

classifier 

number of decision trees 150 
maximum tree depth 20 

minimum number of leaf node 
samples 5 

 
In outlier detection, recall and precision are more critical 

than accuracy, and the value of F1 not only includes recall, 
but also combines precision as a criterion for evaluation, and 
the higher the value, the more effective the detection method 
is. The AUC index is a key reference factor for evaluating the 
performance of the outlier detection model, and the value of 
AUC generally falls in the range of 0.5~1, and the value of 
AUC close to 1 means that the detection method is more 
effective. The AUC value generally falls within the range of 
0.5~1, and the AUC value close to 1 means that the detection 
method is more effective. 

Table 2. Comparison of anomaly detection results 

 data set PCA AE CEEMD-
PCA-AE 

machinery 

AUC value 0.9367 0.9598 0.9813 
precision rate 0.91 0.93 0.89 

recall rate 0.93 0.95 0.9 
F1 value 0.92 0.94 0.9 

glass 
AUC value 0.9588 0.9682 0.9961 

precision rate 0.93 0.95 0.97 
recall rate 0.94 0.96 0.98 

F1 value 0.94 0.96 0.98 

steel 

AUC value 0.9505 0.9695 0.987 
precision rate 0.92 0.94 0.96 

recall rate 0.93 0.95 0.98 
F1 value 0.93 0.93 0.97 

cement 

AUC value 0.9428 0.9633 0.9813 
precision rate 0.81 0.83 0.89 

recall rate 0.83 0.85 0.9 
F1 value 0.83 0.85 0.9 

Table 3. Multi-Algorithm Comprehensive Performance 
Comparison 

method accuracy (%) F1 value Training time 
(min) 

PCA 82.3 0.81 5.2 
AE 85.6 0.84 8.7 

XGBoost 86.7 0.85 12.1 
Wavelet-CNN 91.5 0.90 45.8 

CEEMD-PCA-AE 95,8 0.94 18.7 
 
As can be seen from Table 2, compared with using a single 

AE and PCA model, CEEMD-PCA-AE improves the AUC, 
precision, recall, and F1 value by about 3.13%, 5.11%, 4.46%, 
and 4.74%, respectively. As can be seen from Table 3, 
CEEMD-PCA-AE significantly outperforms AE, PCA, 
XGBoost [25], and Wavelet-CNN [26] models in terms of 
accuracy and F1 value, and the training time is better than the 
deep learning model, Wavelet-CNN model, and close to 
XGBoost. it can be seen that the method has a better anomaly 
detection capability. 

Before the execution of the load recognition algorithm, the 
number of decision trees needs to be initialized. Figure 2 
shows the variation of OBB estimation with respect to 
decision tree. 

Er
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Figure 2. Plot of the change in the OBB estimate 
versus the decision tree 

The generalization ability of the random forest model is 
closely related to the number of decision trees. Figure 3 
demonstrates the trend of OBB error with the number of 
decision trees. The OBB error is the prediction error 
calculated by the random forest through the samples that are 
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not involved in the training of a single tree during the training 
process, which can effectively reflect the degree of model 
overfitting. When the number of trees in the forest is relatively 
small, the OBB error will have large fluctuations. With the 
gradual increase in the number of trees, the error of OBB 
begins to stabilize when the number of trees reaches 150, at 
which time the model error is reduced to a minimum. 
Therefore, when the model error is minimized, the 
corresponding values of trees are selected as the parameter 
inputs of the random forest. On this basis, the Gini coefficient 
formula and the solution method of optimal splitting value are 
used to determine the optimal splitting characteristics and the 
optimal splitting value of each splitting point until each tree 
grows completely. Based on the above SDL-RF to determine 
the load category, the results are shown below and Fig. 3 
shows the load identification results. 

Figure 3 illustrates the results of the SDL-RF model for 
identifying four categories of industrial loads. The curves for 
each category of loads are characterized as follows: category 

1 shows periodic spikes; category 2 has a smooth baseline 
with intermittent high-power pulses. The blue curve in the 
figure shows the actual load data, and the red curve shows the 
model identification results. It can be seen that SDL-RF can 
accurately capture the timing characteristics of the load curves 
with a classification accuracy of 96.3% (see Table 1), which 
is significantly better than the traditional method. To further 
validate the effectiveness of the proposed method, accuracy 
metrics are compared with the results of Fully Convolutional 
Networks (FCN), Support Vector Machines (SVM), Random 
Forest (RF), and Shapelet Random Forest Classification 
Model (SRF). As shown in the classification result 
comparison in Figure 4, for the 50 data points represented by 
the blue dots, when the blue points are below the red line, the 
proposed method demonstrates higher accuracy. Compared to 
FCN, SVM, RF, and SRF, the SDL-RF method achieves 
higher accuracy for approximately 66%, 72%, 86%, and 58% 
of the total samples, respectively. The proposed SDL-RF 
algorithm exhibits superior classification accuracy. 
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Figure 3. Load identification result chart 
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Figure 4. Comparison chart of classification results 

To further validate the effectiveness of the algorithm, a 
comparison is made from the running time with RF and SRF. 
Figure 5 shows the running time comparison, from which it 
can be seen that when the data volume is more than 64MB, 
the running time of SRF and RF rises sharply, while that of 
SDL-R rises more gently. When the data volume is about 
500MB, the SRF running time is about 3 times of SDL-RF, 
and the RF running time is about 2 times of DL-RF. 
Therefore, for massive load data, the SDL-RF method 
proposed in the paper has obvious superiority.  
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Figure 5. Runtime comparison chart 

5. Conclusion 

In this paper, a novel energy internet load identification 
method based on CEEMD-PCA-AE-Shapelet dictionary 
learning algorithm is proposed, which effectively solves the 
problems of sparsity, noise, and nonlinearity of industrial load 
data. Experimental results show that the model significantly 
improves the accuracy and efficiency of load identification 
and anomaly detection, and outperforms the traditional model 
in terms of accuracy, recall, and computational speed. The 
method has great potential to enhance energy management in 
industrial environments, contributing to more efficient and 
effective management of energy Internet loads. However, the 
method also has some limitations. First, although the model 
has been validated using data from Liaoning Province, its 
performance may vary when applied to different industrial 

environments or geographic areas with different load patterns. 
In addition, the computational complexity of the model may 
hinder its real-time application, especially in systems with 
limited computational resources or small datasets. Future 
research could focus on improving the scalability of the model 
and reducing its computational cost to make it more suitable 
for real-time deployment in different environments. In 
addition, exploring the model's adaptability to different 
energy sectors could broaden its application scope and 
provide further insights into its global potential. Overall, the 
approach presented in this paper shows great potential for 
advancing energy management systems, but requires further 
optimization and testing. 
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