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Meta-learning-based few-shot image detection of defects in substation equipment

Zhong Linlin' ,Wu Qi', Ye Junjie"”,Gao Bingtuan'

(1. School of Electrical Engineering, Southeast University, Nanjing 210096, China; 2. State Grid Shanghai
Electric Power Company Urban Power Supply Company, Shanghai 200080, China)

Abstract: Defect image detection is an important technical tool for substation equipment operation and maintenance. However, due to
the scarcity of defect samples, the traditional deep learning model based on massive data training faces the challenge of few-shot defect
detection in practical applications. Therefore, this article introduces the idea of meta-learning and proposes a deep learning model for
few-shot defect image detection of substation equipment. The core of the model is the optimization of front-end network weights and model
fine-tuning for few-shot testing tasks. The former enables the model to quickly adapt to new tasks through a task generation strategy based
on semantic information, while the latter fine-tune the model through a network optimization method based on meta-learning. Therefore,
the model can obtain excellent performance on new tasks. The experimental results show that the improved method can enhance the
model’s overall detection accuracy by 7.33% and the detection accuracy of the new categories by 11. 48% , which significantly improves
the detection performance on few-shot defects and defects of new categories.
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Table 1 Category distribution of defect image dataset

for substation equipment
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Fig. 1 The extended learning process of defect image

detection model of substation equipment
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model of substation equipment based on meta-learning

3.1 EFIEXNEENTEIESER KRR

g T AR TR, i 2 Sl )/ IV A Bl e A DA 55
HIRLPRRE ), 1 Se s G R I b SRR BR T — R
T SCAE B8 IT 2 2 I AT 55 A R % ( semantic
information-based meta learning task generation,SI-MLTG) ,
K S B ) [ Ay s SCAR SRR BE A S I R4 55 A J 0
PSRRI AR U N ZRAT: 55 HA B8y 9 52 e AT A7
PER S G B, 22 ORI 2 R AR

1) YRt 50 4] 43

TR 4 J7R | e B AN S 00 AR A Hicde Rl 4 )1 25
1155 HIAAE S AREAE . (R Bl 2 vh 25 28014 IR
FEARBIZZERT L3 AR FEM S0 (Fh3t o 28) FIFEAR

T DI (3t r 28) o AR SCIREAR FEAA 5 Bl dfa 4 18
FEABARM AN AAE S X T EAYIGAE 55, # I A &
R ) 25 R I s SRAEAS PR i I 2R AT 55 19 S0 HF
5 IR q SREEA R IZ N GRAE 55 i Al 46 . T
TEREEIIRAT 55 I BEA TR B2 L AN A 7 2T i i,
RUR A 00 (BT a+r 28) A BRI n, SRIEMRAE
SCHRAE n, SKIEHSAE S it

5 [ BARBENGE) |
g [Faeacn || | L SHsaeAgen |
XRE HRE
U O\ | [FEFLcFak ] ||[CER
[ wesmane 2 || ||EEECEK]|CXH

|iﬁ$: (a+ r)><ns||ﬁ1‘ﬁl$: (a+r)><n‘/|

Kl 4 Joeg I BRI Bt 46 1

Fig. 4 Dataset segmentation of the meta-learning model
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Fig.9 Model fine-tuning process for testing tasks
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Table 3 Distribution of defect samples in the defect image

dataset of substation equipment
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Table 5 Defect category assignment for training task
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Table 6 Hyperparameter experiment results of

internal circulation round
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Table 7 Hyperparameter experiment results of support

data size in training task
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Table 8 Hyperparameter experiment results of training

task number

YIZRAT HIAEEHRY
1j1% . A
25 mAP@0. 5/%
VIEs AN A R 1 MES, 6077
1E4554H 1 I 4 MG S ’
UIER FANEBISMH AR 2 MES, o487
114541 2 It 8 MRS '
Ik BN A 3 A5, 7.7
1E4540 3 12 MNGAES ’
Ve BN A 4 MES, 6.2
14540 4 I 16 MIGHES ’
4.2 HRHH

TEV Grad B2 A A SO R F B SRR (- 5 S 8 36 9
s, R Al ) Adam DAk 2SS B 2552 T2 19 AR
FINLSEOLEWNZE 10 iR,

R9 BREHFESH

Table 9 Software and hardware platform parameters
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Table 10 Settings of the optimizer parameters
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Fig. 10  Training loss of front-end network optimization
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Fig. 11  Training loss of the back-end model fine-tuning
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Table 11 Results of ablation experiments
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Table 12 Detection accuracy of various defects

in the abundance category
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Table 13 Detection accuracy of various defects

in the deficient categories
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