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Fault diagnosis method of power transformer based on an improved
prototypes network under few-shot conditions

Wei Qiangyu' Tusongjiang+Kari' Zhang Ziwei® Li Zhenen' Huang Rui'
(1. School of Electrical Engineering, Xinjiang University, Urumgqi 830049, China;

2. Sichuan Energy Internet Research Institute, Chengdu 610213, China)

Abstract: To address low accuracy in transformer fault diagnosis under small-sample conditions, we propose a method
based on an improved prototypical network. First, a residual multi-layer perceptron extracts features from transformer
oil chromatography data to obtain more discriminative representations. Second, we introduce a dual-layer attention-
driven prototype construction mechanism: Task-conditioned attention dynamically adjusts support-set representations,
and sample attention weights support samples to emphasize discriminative features. This yields more distinguishable
class prototypes and addresses prototypical networks’' limitations in cross-task adaptability and intra-class
discriminability. Finally, diagnosis is performed by measuring the Euclidean distance between samples and class
prototypes. Experiments on the IEEE Dataport and IEC TC 10 Dataport datasets show significant improvements: On
the IEEE Dataport dataset our method outperforms the prototypical network, matching network and relation network
by 15.14%, 21.49% and 18.68% ., respectively; on the IEC TC 10 Dataport the gains are 6.43%, 6.90% and
8.65% . respectively. The study provide new insights and references for transformer fault diagnosis under small-sample
conditions.

Keywords: power transformer; prototype network; fault diagnosis; few shot learning; sample attention; task-

conditional attention
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Fig. 5 Accuracy of the proposed model under different K-shot
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Table 5 Comparison of diagnostic accuracy among

different models on public datasets (%)
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Table 6 Case 1 dissolved gas analysis data

(pL/L)

L H H, ¢H, GH, GH, GH

2023-02-09 520.34 1103.65 152.36 403.42 1.78
2023-03-10 946.67 1 237.61 779.60 2 685.12 2.37
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Fig. 8 Damaged and ablated area of the transformer lead
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Fig. 9 Comparison of Euclidean distances from the case 1

sample to different fault class prototypes
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Table 7 Case 2 dissolved gas analysis data (pL/L)
L ETiEAC H, CH, GH, GH, GH,
EEIT 634 139 11 136 194

T EBI ] 600 139 10. 7 138 196
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SR AR SR 1) 932 IR D7 326 08 3 €00 15 A A 2850 4 ok
TR Wi o A, IF 15559 R AR 15 4% 20 T3l Dt 2 2 [ ) G I B
BANIE 11 BT . H 2L 6 R 3R R TR B B /D 1 e

JrAL,
12~ 1ssitor [ ] B
7 R7ZZA%: 318
10 9£¥9
8 #0280 802 o 785 773
oy 7
B
K 6
=
4 351 347
2 L
0
0 1 2 3 4 5 6
KA
11 Z 8] 2 A 55 A [ g e 256 T 280 1) ) K G BB

Fig. 11  Comparison of Euclidean distances from the case 2

sample to different fault class prototypes
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Table 8 Diagnostic results of different models on the cases
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