¥39% 91 HL T 5 AR 2 4R Vol.39 No. 1
- 234 JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2025 4F 1 A

DOLI: 10. 13382/j. jemi. B2407661

ETF MSG-SSD ME % T IE/KIEELR
HEeilR FE"

MR L BFE FEA
(L7 TR S M TR #95 125105)

B EAESG TR SSRGS T L ERAT, £ X I T AR AR R DU ASCRAR | ST 25 R AR R S5 R
I ()8, 42 0 —Fh LT MSG-SSD W& G 42k T /K Pt SF U e Ui 7k o B 508 R DA 78 1) SSD B39k g ke, SR R B 44
MobileNetV2 4E 2k 32T P45, 7 B TG 100G 0 S8 14 174 ) Al 52 300 D) 286 1) it A 5 UK Sy 348 5 X /K S0 AR i 19 B TR 7, 0 s v 40
RFHEALA B Sim-HRFPN , 76 FRAERl-G 1) [ B 15 20 PR AR AT, DA AR BRR A i ORS BE3R s |e i, e — 2B 2
BT R%  H GhostConv BN IR IE 2 ML SE B A, e R KPR S PR B A0 R ie i T3 fadl, SEaR 2l SRR
AR T SSD, MSG-SSD F AR I 33 J3 G TNPKS B 43 42 75 48. 17% 1 4. 89% , 1180 FIZB R0 43 BV /D 97. 63% Fl 82.99% , it
AT, AR RUR A RS AR 0 AP 8 1 5 A 4 % T I R K PR 2, T ELWG R I 8RR s i B AL B TR ok, M R G
T AU T IBATIRAS B BRI R AL T — P AT 2 A R k.

KR HAUAGT MK B RETRUN ; SSD Sk ik s FRAE Rl A

B4 S TNO11. 73;TM216 XEFRIRAS: A ERREZR LR 470.4017

Intelligent recognition method for hydrophobicity class of
composite insulators based on MSG-SSD

Chen Weihua Ma Shibo Yan Xiaoheng Li Jianhua

(Faculty of Electrical and Control Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: Detecting composite insulator hydrophobicity class is critical in power system inspections. This study proposes an intelligent
recognition method for the hydrophobicity class of composite insulators based on MSG-SSD to address the challenges of low detection
efficiency, poor real-time performance, and complex model structures in existing methods. Firstly, the detection model is based on the
SSD algorithm, employing the lightweight MobileNetV2 as the backbone network to simplify the network and significantly enhance
detection speed. Secondly, to improve the extraction capability of watermark features, a high-resolution feature fusion module, Sim-
HRFPN, is constructed, which retains high-resolution features during the fusion process to compensate for the accuracy loss caused by
the lightweight design. Finally, to further enhance the computational efficiency of the model, traditional convolution is replaced with
GhostConv in the additional prediction feature layers, thereby significantly reducing the computational burden while maintaining the high
performance of the model. The results indicate that, compared to SSD, MSG-SSD achieves a 48. 17% improvement in detection speed
and a 4. 89% improvement in accuracy, while reducing computational cost and parameter count by 97. 63% and 82. 99%, respectively.
From this, it can be concluded that the improved model accurately identifies and rapidly locates the hydrophobicity class of composite
insulators and meets the lightweight deployment requirements of edge inspection devices. This provides an effective method for the
intelligent detection of the operational status of composite insulators in power systems.
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Fig. 1 Intelligent recognition framework of hydrophobicity class in composite insulators
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Table 5 Ablation experiment results

SEIG MobileNetV2 Sim-HRFPN GhostConv mAP/ % FPS/(i-s™") GFLOPs/G Params/M
1 - - - 90. 42 53.08 176. 51 24.41
2 v - - 89. 62 76.21 4.21 4.47
3 vV Y - 95.62 68. 44 6. 96 8.04
4 VvV VvV Y 94, 84 78.65 4.19 4.15
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Table 6 Comparison of detection

results of different models

s Input mAP/ % GFLOPs/G Params/M
(Wi-s™")

Fatter R-CNN600x1 000 80.77 16. 96 308.91 136. 83
YOLOv3  416x416  83.70 48. 86 99. 44 61.56
YOLOvSs  544x544  90.11 59.95 10. 58 7.08

SSD 512x512 90.42 53.08 176.51 24. 41
FSSD 300x300 87.48 58.45 38.12 34.13
FESSD  300x300  89.25 48.37 47.92 42.37
MSG-SSD  512x512  94.84 78. 65 4.19 4.15
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