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Abstract: Due to the complex backgrounds, small defect targets, and significant size variations among different detection objects of
insulator defects in drone aerial inspection images, current object detection algorithms often lose defect features when identifying such
targets, resulting in low accuracy and high misidentification rates. To address this, an improved YOLOv8n-based method for detect-
ing insulator defects in transmission lines is proposed. Firstly, to tackle the feature loss issue of small insulator defects, a
PCFocalNeXt-C2f module is designed and used to optimize the Backbone of YOLOv8n. Secondly, to mitigate feature information
loss or degradation during multi-level transmission, an asymptotic feature pyramid network (AFPN) supporting direct interaction
across non-adjacent layers is employed to enhance the Neck of YOLOv8n. Finally, the Sigmoid-CloU loss function is introduced to
optimize the loss function in YOLOv8n, and Sigmoid-CloU NMS is adopted to obtain detection results, improving the model s robust-
ness. Experimental results show that compared to the original YOLOvV8n, the proposed algorithm achieves a 3. 3 % increase in F1-
score, with mAP@0. 5 and mAP@0. 5-0. 95 improving by 3.8 % and 6. 1%, respectively, while reducing the parameter count by
23. 9 %, demonstrating superior detection performance.
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Fig. 7 Average detection accuracies comparison curves before
and after the introduction of PCFocalNeXt-C2f module
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Fig. 8 The average detection accuracy comparison curves
before and after the introduction of AFPN
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Tab. 2 Comparison of different loss function results ¢,

mAP{i@ mAPfH@

RGN Precisionffi  Recall i 0.5 0.5.0. 95
Y+(ClIoU) 97.9 88.3 93 73.5
Y+(EIoU) 97.8 89.4 94 74. 1
Y+(SIoU) 97 88.6 93.6 73.1
Y+(GIoU) 97.7 90.4 93.9 74.5
Y+(DIoU) 97.6 90.3 92.6 73.5

Y+(Sigmoid-CloU) 98.3 91.1 95.3 75.3
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Fig. 9 The average detection accuracy comparison curves
before and after the introduction of Sigmoid-CloU
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Tab. 3 Ablation experimental results
4151 PCFocalNeXt-C2f AFPN  Sigmoid-CloU (%H?f Recall {H/%  F {&/% I(T)lA;(f m/(;Pg@;(;.US— Parameters/M

1 97.9 88.3 92.7 93 73.5 3.01
2 N 98. 1 91.2 94.5 9.5 76.5 2.87
3 N 98 90 93.8 94 75 2.42
4 N 98.3 91.1 94.6 95.3 75.3 3.01
5 N N 98.8 90. 3 94.4 95.2 77.2 2.29
6 N N 98.2 93.6 95.8 9. 1 78.4 2.87
7 N N 98.6 90. 5 94.4 94.7 76. 6 2.42
8 N N N 98.7 93.5 9% 9.8 79.6 2.29
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Fig. 10 Average detection accuracies comparison curve of
YOLOv8n algorithm before and after improvement
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Fig. 11 Actual detection results of the YOLOv8n algorithm before improvement
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Fig. 12 Actual detection results of the improved YOLOv8n algorithm
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Fig. 13 Detection effect of the improved YOLOv8n algorithm in extreme weather
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Tab. 4 Detection results of each category of YOLOv8n

algorithm %
WEA  Precision{fi  Recallfi mAP@O. 5 ol.nig‘(zs
[EP: 97.6 85.6 91.1 66. 8
it 97.4 79.5 89.4 64.9
RS 97 88.3 92.3 67.6
fi 2%k T 99.6 99. 8 99.3 94.8

5 B/ YOLOVBN B & LA NLE R

Tab. 5 Detection results of each category of the improved

YOLOv8n algorithm %
o e - mAP@
K25 A Precisionf{d  Recall{fi mAP@O.5 0.5.0.95
[EP:= 98.2 89. 6 9.5 73.9
&N 97 90. 8 94. 8 74.2
DAEES 96.3 93.4 96. 6 73.8
A2k ¥ 99. 4 100 99.5 96. 6

THEE R, A SCRLAE AR 20 Y
SERIRINORS B R TR R R, X T A AR
o B T~ W AVURI 246 25 1 [N 4% 3 ol e g A G 00 2k S 1 2
THEe N B, S5EGAH YOLOVSn By 1, 4% 1

T 4%, 5.4%%M7.1 %, 485 B A Recall ,
mAP@50 Fl mAP@50-95 7 2 7+ T 11.3 %
5.4 % 9.3 %, 4% ¥ N M) Recall, mAP@O. 5
Al mAP@0.5-0.95 73 5l & F+ 17 5.1%. 4.3 % Fil
6.2 %o iXJ&H THHEE FaxX 3 FhEtBEEE & A K
sEE/NEBR, GRS RRAR AR X g/ H
FREAT N, AR SCHE R R T TR 2 R
SRR SRR Ty, RESRBRIE R IR R EOR L, R
TR T T R 3 FhBIRE ARG ISR
3.6 AEHEZEKNLERILE

R T WA SO A RO B A, il A
SCH A BOR A A T AR SCRR S LA 3 3 E AR
DAL R B, SEBR 25 RN 6 s .

15 AR S8R 5 R oy BE A1 Faster-RCNN AL
By BE 38 35 SSD. CenterNet, RetinaNet. YOLOv4 .,
YOLOr., YOLOv5n, YOLOv7tiny, YOLOvS8n %5
AT AR, B 14 R 15 AN [R) 55 S 4 R RS
BEXT el g mT i, A SCHGHE 5 9 YOLOvSn 55 11
S SA ARG FE B s T A LR AR, AR 6 SL
B AT A, AR T HAB LRV, A SRR AT
fen AR TN BB, A SCEREE Y F1{H . mAP@O. 5 Al
mAP@0.5-0.95 4 fl ik ] T 96 % . 96.8 % FlI
79.6 %, HEIRIZHGE{H 2.29MB, it J5 i1
YOLOv8n B3k FPS ik #] T 72, i R L Pria =R,

4 g

B0 i L 2K B 4 % 1 R B TRUR IR R B R I 2
FR, FEREMRHRR SR, 2T —F
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Tab. 6 Comparison of detection results of different algorithms

ik ARG BE(E/%  Recall {H/% F,/% mAP@0.5/%  mAP@O. 5-0.95/%  Parameters/M FPS
Faster-RCNN 96. 2 90. 2 93.1 9.1 74.2 28.32 35
SSD 96. 3 82.6 88.9 87 66. 3 12.13 79
CenterNet 89.2 79.6 84. 1 82.3 59. 4 15.22 70
RetinaNet 92.4 80. 1 85.8 84.6 62.7 36.3 68
YOLOVA4-csp 94.9 88.9 91.8 92.9 65.7 9.12 82
YOLOr-csp 96. 1 89.9 92.9 93.4 68.3 9.13 69
YOLOV5n 96. 3 88 91.9 92.5 70. 4 1.77 93
YOLOV7-tiny 97.5 89 93. 1 94 67.8 6.02 53
YOLOVSn 97.9 88.3 92.7 93 73.5 3.01 85
AR 98.7 93.5 96 96.8 79.6 2.29 72
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Fig. 14 mAP@O0. 5 comparison curves of different algorithms
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