5520 % 4 3 W)
2026 4% 3 H

Fa 77 R AR
SOUTHERN POWER SYSTEM TECHNOLOGY

Vol. 20, No. 3
Mar. 2026

XEHS:1674-0629(2026)03-0146-13
DOI: 10. 13648/j. cnki. issn1674-0629. 2026. 03. 014

hE S HS:TMT732 HAFRERD: A

ETEHREREARERHEZNBHWENEERE
HiERERNITIE

kA, FEAERD, S, EaE, gm', szA°
(1. THREAZG P OAMRFAENE, J M 510600; 2. £HBEIKRFEHF%, 7 M 510641)

TE: ARZEATHELGR R paitt, A8 E S HERE T —HETHBARS BB E N L0771
Tk, B, HARASERBHEANSMARKBERATRALE, BARKBEEAENRFERNE, Lk, ATHLEKEEZHK
PN —Y 35 e M b3 b — e R 454, il it A AR W K Ae S A & W K47 3R B 45 M 64 JB) P HLAE Ao i 9] AR 56 M 4
B, REBNFFFLEGEMNAEE, AR —FEEBRAZRNLEPINTINEZE AR AR SER MR, RE, £
TR BHIEE LT FFARIESN, 2R EAPTR R A R Al £ T @ AR (area under curve, AUC)AS 4241

A b LA AR AR

R TR FHEREBERN; BRAMNERNL; REFT; NEFT

Anomaly Detection Method for Power Settlement Electricity Data Based on

Graph Theory and Hybrid Convolutional Neural Network
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(1. Guangdong Electric Power Trading Center Co. , Ltd. , Guangzhou 510600, China; 2. School of Electric Power

Engineering, South China University of Technology, Guangzhou 510641, China)

Abstract: In order to improve the efficiency and accuracy of electricity market settlement, an anomaly detection method is proposed

for power settlement electricity data based on graph theory and hybrid convolutional neural network. Firstly, the input data is

preprocessed using a hybrid resampling technique to solve the class imbalance problem in the data sets. Secondly, based on graph

theory, the electricity data is transformed from a one-dimensional sequence structure to a two-dimensional graph structure, and the

periodicity and temporal correlation characteristics of the graph structure are mined through graph convolutional network and

convolutional neural network to improve the detection accuracy of abnormal electricity. Furthermore, a spatial attention mechanism is

introduced into convolutional neural network to improve the detection performance of the model. Finally, abnormal data detection is

performed on the actual power data sets. And the results show that the proposed method is superior in comprehensive performance

such as accuracy and area under curve (AUC) value.
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Fig. 1 Flowchart of converting electricity data into a graph structure
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Fig. 2 Schematic diagram of detection model for abnormal
electricity data based on hybrid convolutional neural network
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Fig. 8 Normal and abnormal electricity consumption data curves
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Fig. 9 PCC matrixes for normal and abnormal electricity

consumption data
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Tab.2 CM of classification results on imbalanced data
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Tab.3 CM of classification results on balanced data
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Tab. 4 Performance comparison of each model
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TR Accuary Precision Recall  F1 Score
SVM 0.721 0.873 0.518 0. 650
DT 0. 606 0.556 0. 962 0.705
MLP 0. 803 0.793 0.813 0. 803
GCN 0. 682 0. 662 0. 744 0.701
CNN 0.732 0.713 0.742 0.727
Adaboost 0. 838 0. 814 0.871 0. 841
PFSC 0. 926 0.927 0.923 0.925
GCN-CNN 0.934 0.924 0. 945 0.934
Proposed model 0. 947 0.941 0.953 0.947
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Tab. 5 Performance comparison of models with different proportions of training sets
P R A
*Eiﬂ_] uc
B=50% B=60% B=70% B=50% B=60% B=70% B=50% B=60% B=10%
SVM 0. 884 0. 876 0. 881 0.554 0.568 0.548 0.740 0. 744 0.739
DT 0.562 0. 560 0. 561 0. 961 0.962 0.962 0. 606 0. 607 0. 607
MLP 0. 692 0.733 0. 744 0. 651 0.730 0. 848 0.736 0. 808 0.853
GCN 0. 699 0.758 0.73 0.731 0. 606 0. 654 0.775 0.775 0.772
CNN 0.709 0.719 0.703 0.732 0.716 0. 747 0.756 0. 748 0. 760
Adaboost 0. 826 0.822 0.819 0. 864 0. 862 0. 863 0.913 0.911 0.908
PFSC 0. 950 0.941 0.920 0.872 0.893 0.923 0.956 0.959 0.964
GCN-CNN 0.932 0.925 0.927 0.925 0.926 0.939 0.978 0.982 0.980
Proposed model 0.935 0.932 0.936 0.958 0.951 0.953 0.980 0.982 0.981
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Fig. 12 Comparison of accuracies and F1 scores of each model under different training set ratios
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