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Research on defect inspection of power small fittings based on
improved R-CNN and double feature fusion
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Abstract: As an indispensable key component of power transmission lines, power fittings provide a guarantee for stable power
transmission. Once the electric power fittings have defects, it will bring huge hidden dangers, causing damage to transmission facilities
or even large-scale power failure, affecting people’ s production and life. The traditional power transmission line maintenance mainly
depends on manual on-site maintenance, which is not only dangerous, but also difficult to detect. The continuous progress of Al
recognition technology provides a better method for the defect recognition of electric power fittings. At present, the target recognition
accuracy of Faster R-CNN is high, but it is relatively low for small target objects such as screws. Firstly, the features are extracted and
marked by the double feature fusion operator, then input into the improved Faster R-CNN model with the introduction of mixed attention
mechanism for feature re extraction. The features with high coincidence degree are fused, and the defects are classified and recognized,
which can effectively identify the screws in the small power fittings. The experiment shows that the improved Faster R-CNN based on dual
feature fusion in this paper has obvious improvement effect compared with the traditional Faster R-CNN and YOLO. The average accuracy
of the model is improved by 5%, and the average accuracy is improved by 11%, which also ensures the real-time performance of the
algorithm identification. It has a good detection effect on small electrical fittings such as screws.
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Fig. 1 The basic structure of the Fast R-CNN
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Table 1 Comparison table of model recognition

results under different training samples
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850 403 21 302 124 88.94 1.93
900 427 23 320 130 9111  1.69
950 451 23 338 138 92.21  1.60
1 000 474 25 356 145 94.50 1.40
1050 498 26 374 152 94.38  1.45
1 100 522 28 392 158 94.45 1.49

R 1 A LIAE I 7R3 I R AR B 78 1 000 B,
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1.000 i, EATHUH AR DR R 2 07 8 T A2 e K8 R
A, PRI, A SO B0 2R 8 Kl 2 1 000, X4 it
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(average precision, AP ) LA K F- #5145 BE 2411 ( mean average
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ACC = (12)
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)
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num

o TP ST 5 SERR (A 35 R 1F 5 TN R 506 5
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WAE A, S2BRAE M IE s num 96 IIREAS 1 8k
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2 2 AT, A SCHE S B BURRAE il & O B E Faster
R-CNN HRA H A% G2 1 Faster R-CNN #£7  YOLO v5
FAY Cascade R-CNN A5 #Y [ 57 S804 B 5 (8 o0 Sl 4 = T
0.16% .0. 11% 0. 07% , H: | BRET 34 Bl 2 2 4R 551 371
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Table 2 Comparison of model detection results

of different feature networks

AP
BRI R IRETHR  IRETHE MRETI ACC/%  MAP/%
P HZ9R g

Faster R-CNN 82.75 81.16 79.91 90. 06 81.27

YOLO v5 88.22 84.35 82.13  92.55  84.90
Cascade R-CNN  91.11 89.93  84.14  95.34  88.39
AR 95.09 94.38 93.15  97.20 94.21

0. 11% S2ETERIFF - BIRE BESE T T 0. 14% , BIfETEA
IR P A B v et PO 1) A SR AR A oA 3 A
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*3 AEEE AT E LT R
Table 3 Time comparison results of

different feature networks

e R 2 FK YNl i /s SR 8] /s

1 Faster R-CNN 10 864 0. 166
2 YOLO v5 8 327 0.182
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4 ARSI 13 031 0. 306
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FYOLO A 14 51 T+ 4R B 58 50 10 ) ~F- 249 o 1 A 42
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