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Improved YOLOvV10n insulator defect detection algorithm
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Abstract: Addressing the key challenges of insulator fault detection in drone-based power inspection scenarios, such as
high missed detection rate for small targets, significant interference from complex backgrounds, and insufficient real-
time performance, this study proposes an improved YOLOv10n detection model based on multi-scale feature
collaborative optimization. By constructing a lightweight adaptive feature extraction network and a hierarchical fusion
mechanism of multi-scale semantic enhancement architecture, dynamic deformable grouped convolution and channel
recalibration strategies are adopted in the shallow network to enhance the sensitivity to micro-defect features, while a
multi-branch dilated convolution pyramid and cross-dimensional attention mechanism are established in the deep
network to build cross-scale associations, achieving a collaborative optimization of detection accuracy and computational
efficiency. A shape-sensitive InSh-IoU loss function is proposed, which dynamically adjusts the weight coefficient of
the bounding box shape to reduce the positioning error of targets with abnormal aspect ratios, enabling more accurate
localization of insulators. Verified by a self-built insulator fault dataset, this model maintains real-time detection speed
while achieving an average detection accuracy (mAP@0.5) of 97.12% . an improvement of 2. 82% over the baseline
model.
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Table 1 Ablation experimental results

TR MSDA LAE InSh-IOU mAP50/ % mAP50-95/ % A6 N 328 182 / fps Weight size/M
1 94. 30 73. 30 63. 2 3.8
2 J 95. 80 75. 61 58.9 4.6
3 J 94. 45 73.32 65. 8 3.4
4 J 95. 56 75.93 63.2 3.8
5 N N 96. 90 77.36 61.3 4.2
6 N J 96. 77 76.79 58.9 4.6
7 N J 95. 45 74. 46 65. 8 3.4
8 J N NG 97.12 78.70 61.3 4.2

H1 % 1 0], B fd B MSDA L LAE 1 InSh-ToU 7 & A8 SR B A o A A DO S S 2K 3. 02 %6 I I N mAP50
WERLHY AT IS, mAPS0 20 3R T 1.50%.0. 15% M mAP50-95 /3 B4R T 2. 47% M 3. 49% ., £ LAE 5
Ml 1.26% , mAP50-95 43 Bl $2 & T 2.21%. 0.02% F MSDA A& 74 T U EEA B8 2R Em & ik T/NE
2.63%. MHKFEERA, MSDA E#FAK WK L2 fRiwA R, 45 T sl MSDA s LAE 347 (1
mAP50) f5 i 3 1 A HR, (H AR M 2 e {1 9 3L 5 R RERH, AN SH B HR 8 T 13. 6% . K ok i B 4 S Rl A
TR /N . LAE BB s FH RS B4R THAR /N B A 25 AT SR AR A, 8 A I 3R AN R 240 3. 020 H &
SRR AL 0.4 MB 1 [R) B, ARG 0 8 2 T 4. 11 %0, BORALIE N 0. 4 mb BIHEHL T . mAP50 Al mAP50-95 43 3
InSh-10U 2 4t 235 MSDA AR B 42 7. HJL-F A 38 i 4 PEE T 2. 820001 5.40% . THRLSEIG IR T S & e AR Y 8

AR ] A TR R/ ke AR A R Xf ot x5k B KL I A9 AT AL ME. BT AT SE B B9 mAPSO,
W ORI P& N5 MSDA 5 LAE &G £ % mAP50-95 Wi 8 firs.
mAP50 Comparison mAP50-95 Comparison
Lor —— e 08
T3S )
0.8F
0.6
o 0.6+ — Groupl w 051 — Groupl
& -~ Group2 2 -~ Group2
é —- Group3 7 041 —- Group3
04k - Group4 2 841 - Group4
Group5 g Group5
—-- Group6 = —- Group6
0.2 Group7 e Group7
- Group8 0.1 - Group8
0 C 1 1 1 1 1 ] 0 C 1 1 1 1 1 ]
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch

K8 &I A SZE 1Y) mAP50,. mAP50-95 {H

Fig. 8 mAP@0.5 mAP@0. 5-0. 95 values of component-wise ablation studies

kR AN SZ BRI R BRI 45 R AT L A 9 AR {EAG IS B A B R R R IR & S I AR T
FioR o HEWERIRL X T4 vl R b /N AR 2% TR AATE A% T BRIG AT EMA F1 MSDA W38 I ALK 7E 2 Hok $2
IR LA T IS B9 YOLOvIOn-LSMSDA #RIGEGS . THATKEY G BL T K RE4R T 2k B8R0 1 B , Uk W1 — 3 75 41 1
WU 27 BT HAE B R A BORRBE SR T o0 T B E ST B . R HOE AR S AL EMA R

FHL 2% I8 440 % ~F A 00 R o o 1. MSDA % 0L mAP {5427} 0. 38% . X EF T £
2.3 XtibxEIR FRUBE 23 {1 BIL o A AR K R 2 )40 L i P 3
D) A [ 3 2 A WL % 1 S 5 MSDA £ AR 0. 3 M S50 AR I 2 2 3 5 T

IR Y 2 R A I E B ) (MSDA) B EMA, WoR R IF B RCR, S0 5] A MSDA BB 4f
R AT AEAR R 9 YOLOv1On BRI BE Rl B, XF T MUK M BREBEARAE FES SH0E R HOR S A s+ 50 0T 45, 3
3 EWER LG APERE . Fr A EE DR EFZE AN U T ASCSI A MSDA B4 %tk .

WIRZ (PO RIAHE A B, SCIRLS IR 2 FroR, 2) AT 451 5% oR O e 52 56
SE 5 CBAM Wi Fh i & A HLHI B NG » S50 AR SRR ) PN B 38 I H T IR 24 B 2 PR B (InSh-

e 252



x| R 3% 4Bk YOLOvIOn 09 48 % F 5k g 4 ml 3 ok

(a) Baseline

(b) &3¢
(b) Ours

P9 R i A 2R A A R

Fig. 9 Comparison of model validation results before and after improvemen

x2 AEFEHNNELZWLER
Table 2 Comparative experimental results of different

detection models

N mAP50/  Weight  #6i ¥ /
LAY ) .

% size/M fps
YOLOv10n 94. 30 3.8 54.5
YOLOv10n-SE 94. 52 4.2 50. 2
YOLOv10n-CBAM 94. 95 3.9 52.4
YOLOv10n-EMA 95.42 4.9 55. 8
YOLOv10n-MSDA 95. 80 4.6 58.9

ToU) A5 20 M, A 52 46 76 A5 W] 19 YOLOv10n A5 5 (14 JE A
L T ET 4 B A B R R AL

H 2 3 AT A 5] A4 B %L EloU. Inner-IoU, Shape-
ToU il InSh-ToU J& , #1 % F CloU, mAP50-95 ¥ FE # 4
Fh, BT /N B AR 09 € A7 B8 1 A 3 T, mAP50 BR SloU
SR /NS R TF, H i InSh-ToU 9 mAP50 #l mAP50-
95 Zr BIAR TR 1. 26 % A1 2. 63 % . #E 3 JL2H #0145 ok b R B
e, AT IR , BOH R 2K BREL InSh-ToU M T HE
F AR RECE B TR AR T

R3 FEBEEHELE
Table 3 Comparative experimental results of different

detection models

P % pRAL mAP50/ % mAP50-95/ %
CloU™" 94. 30 73. 30
SloU™ 93. 25 73.52
Inner-IoU™! 94. 83 74.12
Shape-ToU™" 95. 05 74.97
InSh-IoU 95. 56 75.93

3AIE YOLO R AN L 52 40
T BAE S YOLOvIOn-LSMSDA 4 %1 it 46 T 3¢

T EF LA 2L YOLO R4 W 45 , 76 A1 [ 19 52 58 2% 1
AT SR FE AT aE Mosaic i 18 00 19 4 2 TR iR 4 B
4T YOLO FR 51 W26 XF b 52586, 25 R sk 4 firw, YOLO
I KRR mAP B NE 10 Fimw,

R4 YOLO RIIAREK MR L LR
Table 4 Comparison experimental results of different

detection models in YOLO series

- mAP50/ mAP50-95/  fa il B/
% % fps
YOLOv5s™ 87.50 62. 40 52. 8
YOLOv7™Y 90. 82 65. 80 58. 6
YOLOv8n 92.55 70. 81 67.3
YOLOv10n™?! 94. 30 73. 30 63.2
AL 97.12 78.70 61.3
Lo~ mAP50
095
o 090F
£
<
& 085
=-=-YOLOVS5s
== YOLOV7-tiny
0.80 | — - YOLOvVS8n
----- YOLOv10n
—— Our algorithm
0.75 L1 L L L

60 75 90

Epoch
K10 43 YOLO RFIBA mAP50 {H
Fig. 10  MAPS50 values for various YOLO series models
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T YOLOv7-tiny, mAP50, mAP50-95 {f 4 % 42 &
7449 7.50% . 76 5 H B YOLOvSn #5 %1 A L #2 B
mAPS50 35T T 6. 86%.8.38% .5. 71% ., L] LAH
WA SCHR B S T YOLOv10n B 7, BE 6% X i v 28
I 45 2 AL R R R A A R R

4) [F] 2RI HI R Lb ST 5

ST AT AL B 5 YOLOv10n-LAMSDA #5 % (4
KM BCR B2 T 5 YOLO F 40 2 3 26 338 47 2 1] % EE AL
AHIF 5 R S 36 BT T AT R K 3R A 4 2 T e R I B E
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TE R[] (4 S 3 45 1 T CARLTR] A 1 2 4 L 03t 48 | 12 3R 855
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535 — kT RE LR .

*5 HEIREEZWNERMIELRER
Table 5 Comparison experimental results of other

mainstream algorithm detection models

LAY mAP50/ % A6 D0 38 2 / {ps
Faster R-CNN'" 92. 41 12.5
New-SSD' 93. 25 28.7
RetinaNet"” 92. 55 50. 6
A CHE 97.12 61.3

555 ARAR R e i O 1 % b A4 T Faster R-CNN,
AR EETE mAP50 FHETF 5. 85% kG EE LR B 3, BLAG I
B (61. 3 fps) i Faster R-CNN(12.5 fps), 5 New-
SSDCHIASei#E /N B bR 50O # He, mAP50 $2 7 5. 01% , &
TR B A0 75 B A AR w5 R A FDORE B
RetinaNet #H Lt , 4% 3C 7 i 7F mAP50 B4R TF 4.57 %,
WAL 10. 7 fps, X A UEWI A SCHE I ) LAE.MSDA #il
InSh-ToU %5 2t A5 HAT R A D T /1N B A 4G I 1) X e e
LEAPEREIE T L AR AR M S U k.

5) N FFHUHE £ oF L S5 5

J T HAE YOLOv10n-LAMSDA #% (472 1L BE 77, 4%
SCR A E R T 2022 4R A JF 9 b [ 0y 2 4 2% T R0
45 (CPLID) ifF A7 %8 b 52 56, o v d 2 T8 A LA 3K 1) I 8 4
SRR M ECR S 600, BBA 0 45 % T B B0l 248,
XoF 122 B0H S 30 AT B0 TR A 3 R A U1 5 i 4 R TE B e
UL 6: 1Ry LA 4331, BF A & R 346 T labellmg 1 347
FRE, BRA AR E AR R 5 VOC2007 B4R A H . %50
A SN0 30T S B g FH A B FLSE SR 77 S R A AR R 56
BRIz At R . b e 8 8 5 A d B0 4 AR R — 3L
SCIREE RN 6 IR,

TE CPLID 2~ FFEC P 48 LW S o6 R 0, AR SCHRE
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FHETF I R0 YOLOvVSs #2578 mAP50 il mAP50-95
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Table 6 Comparison of experimental results on
CPLID dataset

- mAP50/ mAP50-95/ il 3 BE/
% % fps
New-SSD™ 85. 81 62.09 30.5
YOLOv5s™" 93. 69 73.03 53. 4
YOLOv8n 97. 67 82.13 65.5
YOLOv10n™* 98. 38 80. 98 63.1
ARSIk 98. 71 81. 88 62.2

BB E T T 5. 02% A 8.85% . iX i WA AR SCHE Y
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AT ECE S R E L R A ) M I T i B B 5
KAz Ak BE 77 R0 52 B 1o FH AN A8 - B 6 AR 4 3t 3 7 L 55 W )
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3% i
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