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Small-sample fault diagnosis method for secondary equipment based on conditional variational
autoencoder and improved ConvXGB model
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(Hebei Key Laboratory of Distributed Energy Storage and Microgrid (North China Electric
Power University), Baoding 071003, China)

Abstract: To address the significant impact of small-sample data on the diagnostic accuracy of models in secondary
equipment fault diagnosis, a small-sample fault diagnosis method based on a conditional variational autoencoder (CVAE)
and an improved convolutional extreme gradient boosting (ConvXGB) model is proposed. First, fault types and
corresponding fault feature information of secondary equipment are systematically analyzed to form a fault information
feature set. Second, a CVAE is used to perform data augmentation on specific small-sample datasets, generating a
balanced dataset. Principal component analysis and t-SNE algorithm are then used to reduce the dimensionality of the
CVAE latent space for visualization. Finally, a self-attention mechanism is introduced by adding a squeeze-and-excitation
network module after the activation function layer of the ConvXGB model. This enables re-learning of data features and
adaptive allocation of feature weights, thereby completing fault feature extraction and fault type diagnosis. Case studies
show that, under unbalanced datasets, the proposed method achieves accuracy of 98.86 % and 97.75 % on the training and
test sets, respectively, effectively mitigating the influence of small-sample data and enabling rapid and accurate diagnosis
of secondary equipment fault types.
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Fig. 7 Topology diagram of line intervals in smart substations
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Table 2 Message transmission information flow of line intervals
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Table 3 Line interval fault types
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Table 4 Sample size per failure type
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Fig. 8 Variation of CVAE loss values at different learning rates
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Table 5 Loss values of CVAE at different iterations
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Fig. 9 Variation of CVAE loss values with iteration number

at a learning rate of 0.001
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original and generated data at the 1st and 494 th iterations
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Table 6 Balancing fault sample dataset and partitioning

PR R G FEAYE EES S %6
1 824 660 164
2 859 687 172
3 782 626 156
4 864 691 173
5 674 539 135
6 849 679 170
7 856 685 171
8 793 634 159
9 892 714 178
10 847 678 169
11 772 618 154
12 882 706 176
13 789 631 158
14 795 636 159
15 843 674 169
16 811 649 162
17 873 698 175
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Fig. 12 Confusion matrix of diagnostic results in training

set under balanced dataset
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Fig. 13 Confusion matrix of diagnostic results in text set

under balanced datasets
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Table 7 Two datasets accuracy and model running time

] INEEHET /% IR HER /% I81TI /s
CVAE-SEConvXGB 98.86 97.75 0.19
CGAN-SEConvXGB 98.04 96.93 0.25

SEConvXGB 93.17 90.95 0.17
Transformer 93.66 89.73 0.27
CNN 92.85 89.46 0.29
ConvXGB 92.64 88.71 0.15
BP 86.77 79.16 0.33
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Table 8 Fault tolerance performance of various models

under noisy conditions

] PERRRIESRD DR /%
CVAE-SEConvXGB 96.47 94.83
SEConvXGB 91.33 88.41
Transformer 92.52 89.16
CNN 91.01 87.94
BP 83.79 80.24
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