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Transmission line defect detection method based on super-resolution
reconstruction and multi-scale feature fusion
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Abstract: Aiming at the problem that the quality of the captured image may be poor in the inspection of transmission lines, and the
problem that the detection accuracy of traditional methods is not high due to the line defect that the targets are small and densely
distributed, a transmission line defect detection method based on super-resolution reconstruction and multi-scale feature fusion is
proposed. First, the super-resolution network is used to reconstruct the inspection image, improve the clarity and enrich the feature
information contained in the image. Then the improved YOLOX network is used to detect defects in the inspection image, and the
convolution block attention mechanism is embedded in the backbone network to strengthen the positioning ability of the model for
overlapping small targets. In order to further improve the detection ability of small targets, a shallow detection scale is added to
YOLOX’ s feature fusion network for feature fusion. Finally, by using CIOU to optimize the loss function of the bounding box, improve
the convergence ability of the model and reduce the missed detection rate of the defect targets. The experimental results show that the
proposed method can accurately detect the transmission line defects on the basis of improving the inspection image quality, with an
accuracy of 93.27%. Compared with classical models such as SSD, it has stronger extraction ability and robustness for small and dense
defect targets.
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super-resolution network processing

g R I 2 AN 2 IR () U LR SR 1] 12 (e) BD AR SC
FEfi A9 Real-ESRGAN £ 25 | B AR MG A S8 ok
O HESMME C AT £, BORE WAR W, IF A
TEIZ T EMR LA T, b ) YOLOX AR AG I 2] 1 &
12(b) \(e) . (d) FikIwk 4 2k T s /N HibR, 251,
I 3 Ay vk E A ) GRS I 45 SR 0 B T A [ A B 1
TA 53 L 1 % W7 R R 9%, U B A SC B B9 Real-
ESRGAN £ 7 7k I 7 i H 26 I B B A AT 55 rh oy
HHEAFHRM
3.5 YOLOX M 4Z& it bk 3058 7 8 ph sE I8

A CAE YOLOX T M2 fii ] CBAM i3 32 7 ek itk 3%
W& ST REAEACER 9 0 B, A 4R 5 AN () 3 T 0 WL T 1) %
For N HE T A5, 3 T 2 e A [R) A9 3 B B
PEATSCES R 5 SRR 1 s, (48 ) SE %



513

BT g d a5 2 RS RRAE RS 10 i i e B R B G 5 vk - 137 -

HeBY ECA i DL K CBAM 135 1 78 R 2% v ] — iz
B IASRE XS LA IS B, PTLUE 1, T M4 i A
TE R 7L 2 Al 45 TR R A AR DR JE, ELAS SCAE T Y
CBAM X o) 45 A6 1000 1 fie 1 B T80 B -

F1 AEFEHIGITER S E R
Table 1 Effects of different attention

mechanisms on model accuracy (%)
TEE 125 AN SE ECA CBAM
mAP 88. 37 89. 47 88.93 89.93

x3 FEKUNFEBIFEEX L

Table 3 Accuracy comparison of

different detection methods (%)
e F b D yoLow e X
R-CNN ik
A% F R 91.23 96. 59 98. 51 99. 45
58 93.72 95.52 98. 87 99. 81
AR 49. 56 56.78 61.21 75.31
DB % AR5 il 86. 81 90. 12 89. 34 96. 49
U BRI IR 81. 62 80. 98 85. 49 95. 31
mAP 80. 59 84. 00 86. 68 93.27
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PEAGAS [ 2B Xof i F, 28 3% 40 o L s G 0 A5 78 1 5 i), 4%
WAk 2 FoR,

R2 YOLOX W% A gt i iH Al SR 38
Table 2 Ablation Experiment of yolox network

with different improvements

SEREH 1 2 3 4

YOLOX W% vV VvV vV 2

CBAM Vv Vv Vv

U R A vV vV

CIOU 2
mAP/% 88.37 89.93 92.58 93.27
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