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icles are likely to cause external damage on nearby transmission line. In order
of transmission line, this paper proposes an improved YOLOVS target detection
OvS5 algorithm, the Bounding box loss function GIOU Loss used by it is changed to

er and better convergence effect. At the same time, the classic NMS used by the original one

is changed to DIOU_NMS, so that it has a better detection effect for some occluded and overlapped targets. Experimental

results show that the improved YOLOVS5 algorithm model can effectively monitor the damage caused by external forces near

transmission line.

Keywords: transmission line; target detection; improved YOLOvV5
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- <size>
<width>1282</width>
<height>722</height>
<depth>3</depth>

</size>
<segmented >0</segmented>

- <object>
<name>wajueji</name>
<pose>Unspecified</pose>
<truncated>0</truncated>
<difficult>0</difficult>

- <bndbox>
<xmin>449</xmin>
<ymin>606</ymin>
<xmax>529</xmax>
<ymax>715</ymax>

</bndbox>
</object>
</annotation>
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Fig.1 Target labeling examples
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Tab.1 Detection network evaluation parameters of
improved YOLOV5

k% TP FP FN Wit /% /%
KER% 109 10 16 91.6 87.2
FZ4EHL 111 11 14 90.1 88.8

EES 114 7 11 94.2 91.2
ik X 113 9 12 92.6 90.4

T2 FHRYOLOVSRIAE M M & N S £
Tab.2 Detection network evaluation parameters of
original YOLOVS

b TP FP FN KA /% B/ %
KEE 104 13 21 88.9 83.2
FZARAL 106 15 19 87.6 84.8
KD 109 10 16

wajueji 0.97

B2 g RTEH
Fig.2 Schematic diagram of detection effect
6 #5i(Conclusion)
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