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Detection method of overhead transmission line defects
based on improved YOLOv10

Li Kunxiang Liu Daming

(School of Computer Science and Technology. Shanghai University of Electric Power, Shanghai 201306, China)

Abstract: In response to the issues of missed and false detections in transmission line defect detection tasks caused by
varying target scales, complex backgrounds, and occlusion, where existing object detection algorithms struggle to
maintain detection accuracy while ensuring real-time performance, an improved YOLOv10-based UAV transmission
line defect detection algorithm, TLDDet, is proposed. First, a faster C2F with attention module ( FC2FA)
incorporating context anchor attention is designed to enhance feature integration capabilities while reducing the model’s
parameters. Then, an attention-based intrascale feature interaction module (AIFI) based on multi-head self-attention is
used to improve the model’s detection performance for small objects by enhancing the representation of high-level
semantic information in the feature map. thereby increasing the detection accuracy. Finally, an occlusion-aware
attention detection head (SEAM-Head) is designed to reduce feature loss caused by occlusion. Experimental results
show that the proposed TLDDet reduces the parameters by 33% and the computational cost by 30% compared to the
original YOLOv10s model, while improving precision, recall, and mean average precisionfor various transmission line
defects by 4.3% . 2.4%, and 3. 7% . respectively. The detection speed reaches 143 FPS, and comparative experiments
with other real-time detection algorithms demonstrate superior model performance, making TLDDet more suitable for
transmission line defect detection tasks.

Keywords: transmission line defect detection; YOLOv10; real-time detection; feature fusion; context anchor attention;

intra-scale feature interaction;occlusion-aware attention network
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LB AR IR, DL S SR G AR R R, 3 S B T RE 3K
RGBT, FE B G R KB i, B TR
=R E N ORI N R A E T o L K= A
2 T TE LR A PR 1 5k B A6 A 5 vt 3 e kG ofe
PR Hb TR 51 i P R B Sl B O B B A 3B L BB A8 SSOAR I FRL TS
R WL AIBAT . B, 52 T Hi F 42 6 e 7 e 00 ) o o
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H i HFR A YOLO (you only look once) %
1 RTMDet™* S A0 3 (14 50 B BEAG 2% S 45 L0 76 4=
B HE. A 7 @ i dE ) K E M Hl Cnon-maximum
suppression, NMS) ™ b B B 15 B 45 155 A9 A8 0 HE L 34 31 T 5K
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V87 365 e 200 1 G 0 3 T A ) I e L HE T
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PR ARRCRR S B AL G 1Y i 2R S S O TR iR
T HA2 AR S5 ] 4 T 3T YOLOVS 1 % 1 &
i 5 B AG0  la AR TRY SE  AE T 4% P A S BLE
B SIBEH (convolutional block attention module, CBAM)
T BRI 32T W 4% 09 R AE 48 BURE J7 , 78 T ) 4%
I 38 R E G AR R 0 D AR 5 A L i 22 R R AE
TG O S AT Yo i P, 2 B S SRR T R I AL T A I RIUR
% T 468 2 1 BB A 0, 1 48 R % i YOLOvSs i
AT WO T R A T B 3 L 2 R A A K-means 53k
X B AR AT BRSO3 T AR B e AR AE RST ImMA 2 /i &
71 (global attention mechanism, GAM) 3 i £R JC &5 45 HE X}
TURRG BE 52 e, B 5 51 A &S (8] 3 3l B M 4% Cadaptive
structure feature fusion, ASFF) 5 £t 18 53 [ 2% f1%) 435 1iF 2 B
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22 50 R REAH B A R, IR T YOLO Bk iyiz 1L g
il YOLO F 3 SH 8 YOLOvVI0 57 35 M8 oAl 70k AL
AR R W0 ST P LR A R 0K B2 5 1T . YOLOv10 47
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D) Bt Ak 2 JBE AR AIE Rl 3 4 Bk (faster C2F with
attention, FC2FAD « il i @il & b F SCH 3 & 71 Bl il
(context anchor attention, CAA) Fl#F 73 % L ( partial
convolution, PConv) #& Ft Xt &2 4237 5 Fr4iF & U RE F1 17 7] st
Bep AR AL R0 ) 2 i AL B 4

2) @A ROE N R 22 B O B Cattention-based
intrascale feature interaction, AIFD) .} J& iR #8570 v 1) 25 ]
4 F AL JZ (spatial pyramid pooling-fast, SPPF) F1%8 43
A 1 2SI R (partial self-attention, PSA) # 4ty AIFI £
Yo AR TUAR S B R R 223k A TR R BT O 48 4
TR L8 2% T W7 7% A S5 /0N H AR B 401 RRAE 982 T U R RN
BRA

3) U e B4 R A K Sk (spatially enhanced
attention module-head, SEAM-Head) : 7E J& I #; 0 3k o 5]
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Fig. 1 YOLOv10 network structure

1.2 SREBSTELESRENSELE

16 B ARR I, REAE A R AT A 3 43 Ry 22 R R Ak 2
B W FRE AL, 22 RUBE FRAIE AL 25 60 45 FRAE A SR B 7%
e ARG . B AR 0 PR A5 A RE 48 7E A [ RS REAE 1A L [R] B
Kol /NE AR BT RER I B AR A S e ROBE AR A7
TE N2 22 5, A I 22 RO R AE Ak 3R 46 T A ORS¢
HOE W 2 ROBERAE L& 7k 2R E & 7 5% W%
(feature pyramid networks, FPN)™™, i i 8 A [a] K JE
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1A CBAM & I ALHI#5 8] C2(-CM, 58 T = A48 Fh
XRAIE B bR 28 A fig
1.3 EHBEMEFEMNE

FETG A B HL 7 ke A0 v SHE Y ) R R AR =2
— s T IE ALK A7 B 2, 40 2% B R R A G
A 38 B B v PR B S A 5 R G R A5 AR TR X SRy S IX et

+ 158 -

JEE A - BN S B 1R Jm AR R B FRRAE K R L A%
45 45 UM 22 0 285 B0 — R AIE B2 IRCEY 5 v L R BE AR TN
bR B AT UL, SR Fh T2 0T RE AR 4 b 4 2 31 42 )y
L 4 ) 43 DR I R S 0 JHE P L G 2 T
EAEAEAE LA SR AL BE . O fif PR3 — [R) A AR SR 1A JHE
SR R 45 SEAM BEHR R B il i 3 25 3R 45 AR
H Y DOk B SR R A RS DI RE ) . AL AR UL SEAM
L g 4 J IR B A ARER B D Tl T S S By
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AT D5 2 T o AR B A R L £ 1 R
FH DR A A AR AR A0 S i RN o B TRD IS S R 0 AR
PRHE RS B T B R 22 . e SCk[ 24 ] R
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HARF LLRIR A
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X . = MultiHead SelfAttention (Q K ,X ;.,) 7

AIFT

Y

I b,c,h,w
View
I b,c,hxw
Permute
b,hxw,c

Transformer Encoder Layer ‘

Multi-head Self-Attention

0 K v

X with Positional Embeddings

f
Positional Embeddings—

b,hxw,c
Permute

b,c,hyw

Flatten

b,c,h,w

Bl 3 AIFT /4% 4544
Fig. 3

X Xt

ATFT network structure

+ 160 -

1 Transformer Encoder Layer A, £ & W 2k 1 2
(Linear), %5 1 2tk 245 A FRE M@ EE C MU 3 T8
KRILERE C,, . BVEEROZE 4B, L2 5 A RN IE 4 &
B 2 A 2 2 B IR T S A6 T8 G 0, 1 O e S A
— 2, ME 5 R IG I AR IESF TR 25 . 2 R R E 4
ERL X AR EIR N

X = fc2(GelLU(fe1(6 (X 1y + X)) 8
s felCoOM fe2Ce )RR 1T AR 2 DLtk
JZ,0 (+ )FERZEH—M (LayerNorm) 4 , I & AFE 4
5 — Ak J5 #1745 B AUE AR SRIE S L AR AE Y B AR S
SRR RRAE X ARTE] SRR AT

Y =90 (X;)+0 (X, + X)) 9
K. o Co )RR T B TR B IR I BAE (View) , 8 £ 504
TEARAE

W 7R AR AE B RS ALFT B, B8 6% 78 43 FI FH A &
Fo B BB SUF B D RO FRAE L Ak B T 23k H
RPN E R E SR IEE R O R R,
X fie /N RO RAE [ R AT R 9 R 28 L, BE A6 i fi i 22
WIS A . 3X — Bk A5 B R AE B S b b g g B
) b S 2 R 31 i L 2 S e B e A /0 AR 9/ T A A 1R
Lv221E S
2.3 EHBREESRN %

R TSk DR A e R R T A 55 e ) JEE R IR R, AR St
SEAM-Head, He M4 5 Q& 4 s . SEAM-Head i it
ARIBURRAE B v AR ) 42 )5 A0 R 15 2, 5 iR 4% 3l 25 JER 0 b i
PHAGFR 23 IR TE T 46 P AR AT RURRAE L 3 AR DR 38 44477
O YA 1% 2

£ YOLOvV10 91, One-to-one #; il 3k Fl One-to-many
A Sk LA AR W] O 45 4, XN AE T80 20 B B B s
ARSI AE , 1T/ & PR B 221 A R A i BRI HE . A SCHE
J 4R YOLOvVIO By Fefify b, 38 7 3 54 J8% 00 0 2 o0 4%
SEAM #8, HAREAE T, 1 58, 4% 2 da &l sk v Cv2
AT 5 P 1 B — 4> CBS(Convad, BatchNorm, SiLU)
BAEF 5 e SEAM B i AE CV3 #4E /74 v, w20
—A> CBS 1R 5 J5 — 4> CBS % #e 2y SEAM KB, 3
UEASE AU R AIE 47 3K BE 0 1 [F) I BEAR U A T3 4, e
CV2 Hl CV3 [ fii il i Concat JE L BEAT LA .

MFHE X (€ R fii A SEAM B, 1 e 4
T 3 ANl 2 IR AL (channel and spatial mixing
module, CSMM) ZH B 14 5% 22 19 265 5 43 o BV il 5 36 3 25 (8] 45
BB, 3 ALY patch 435126 6.7.8, CSMM 8 B
A BR 2SR TT o B AR o PR B T A s AR
TR BE B 2 BAE TR 2% 2 O [R) 38 38 AR 1 [m) B o8 20 5 6
BREZR T EEZ EE SR, MR T IR % — 5
5l 2 A BV AN [R) IR BE 0 6 B a1 2 Bl ok . AR
J 3 o A 3 I Ok B % T 2 ) Y A R TS F)
FCE Y 3l 3 X Fh oy 20, B R RE A 2% o) RS H Ar 5 AR Y



Zd L YOLOvIO 898 = il & 3% % sk a4l o5 ok

'SEAM-Head | { SEAM

cSMM

l Input ‘

Patch Embedding

Output

)\

/| | #
’!’ s
i "
; [ GELU |
‘ J
H ! [ : ’
Y A
i r \
/’} \‘l
i \
:

Average Pooling

[ BaichNom |

-
L Depthwise Convolution

GELU

BatchNorm

[ Gru |

[ BatchNorm

4 SEAM-Head M %% 45 ¥y
Fig. 4 SEAM-Head network structure

HARZ B 02 R AL P 5 F kb Lkt e . bad f mr
DA X FRR A

Y = exp(e (Linear (ReLU (Linear (X))))) 1o
K. ee) O Sigmoid BTE R, T e iE )R T B
i 2 8 B0 R BOAE BB Cexp) L KE(E VS B N[0, 119 2 3
[1,e], BHRVESRAL T B9 0 W5 G 5, (1 50 280 5% 30 4 5 | A
AL ER B IR E T AAZ M, w5, SEAM B8 0 fi %
PR B 5 ARE X AR I AR I 5 JE 06 R E 41 3f , 15
FEENE W, AXERN

W = X Y. expand_as(X) an
K Hexpand_as BERRKG Y PR B S5 X MHE IR,
SEAM #5HU3E i 7€ 8 ZERFAE I 3001 R AH 5 /9 17 8, LTI
G b 7 X I P 3
2.4 TLDDet B{kZ24y

ASCHETF YOLOVIO0 s B A7 ok 1 8 3 o el 6
% 2 B BB AL TLDDet, J45#) WA 5 iR, TLDDet
Bl — AR ST 640X 640 19 RGB 5 IR B A1 1) B
T 2% 7 AR A) 25 AR AR B2 LAY D fE L, b FC2FA B iy
Efficient Fusion Block ¥ add Z%{i% & & True, /RN 4T
B 2 T 4 - DTG 6 70 25 R A1F 48 BCAY B i 5 40 O B D s R AT
5B . B R 2% (Neck) $ 3¢ XF & T I 2% i 14 1) 45 1E 18]
AT 22 ROZRlA DU AR R0 AR [R) /N i B Ar i B 3 4
W& . Neck #4310 2 R FRERL & R L3 F FC2FA
R, BRI add 2808 False, 768 /0 5 2 I 5 & F
TR IBUHT M REAE e ) R dm B B FA 4 i/ B bR, o TR
D i 1) T T TR0 8% B 1 Y e 0 SUAE B A SCE] A ATFL
B o 1 5 DG TR B/ RST R AE B i SCE & 1Y B AR ARAE
HRCBEE T T /N B AR R0 PR e . f S5 BT R B R R
SEAM-Head £ 3k >R H 7 3 £4 /8% 0 1 2 M 4% SEAM #
M, e b D o B b B S R AR T RGBS 3 KR W BR A
WY S| & A, A7 Jm B 45 1 TR B 45 ), 0 PR % H A 1 K
WA, sk . SEAM-Head 159845 B T XUAR 25 43 I 5 W
AR TC TR NMS RIVAT 5% 1 o 20 o 09 H Ar ke I, ol 35 42

T BB
3 XBWEERSW

3.1 HIEERIKTE

AR ST B A O B 2k B TE N B RS A S R
12 % 4R 4 (transmission line defect dataset, TLDD) , £t #E 42
8 2 000 7R I I A G W0 35 4 Fh sk FE 0] L R4 i B
FEAINE 6 BTn 43 50 S 48 % T e 63 . I 7 Al e 7% . 5 B 5k
B A B I . BOHR AR 45 IR 82 200 LU M5 43 YN 45 4R RN 36 E
4R B AR KRR 1 iR,
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Table 1 Description of the TLDD transmission line defect label dataset
Kol 4 G 5= VL% YA SATE S b2 24 P& X BB bR 25 A~ H
Shockproof hammer P 7 e e 771
Honeycomb e B i 231
TLDD 2 000 1 600/400 o AR
Insulator 94 2% T Bl 904
Nest 19, 8 fge iy 702
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R R iU WA A
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i=1

N
Kb N FoR e 4 2850 A B0 L AR SO 9T R 2 B Bl
K4, AP, KR i KR E (AP, AP J&iFff Rl
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Table 2 Comparison of experimental results across different models

R Params/M GFLOPs FPS Precision/ % Recall/ % mAP50/% mAP50:95/%
RTMDET-s"" 8.99 14.8 136 0. 838 0.721 0.759 0.413
RT-DETR-R18™ 20. 10 60. 0 87 0. 876 0.788 0.819 0. 435
YOLOX-s" 9.00 26. 8 119 0. 833 0. 749 0. 802 0. 409
YOLOv8-s™ 11. 20 28. 6 112 0. 835 0.751 0.789 0.411
YOLOv9-s"™ 7.10 26. 4 129 0. 843 0. 744 0. 787 0. 410
SC-YOLOM" 10. 90 26. 4 117 0.877 0. 780 0. 822 0.421
LED-YOLOv10™ 2.70 8.7 161 0. 757 0. 689 0. 691 0. 366
YOLOv10-s™ 7. 20 21.6 123 0. 846 0.747 0.798 0. 415
TLDDet (4 30) 4.61 15.2 143 0. 889 0.771 0. 835 0. 437
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Fig. 7 Comparison of precision, recall, mAP50, and mAP50:95 between TLDDet and the

YOLOv10s model
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Table 3 Comparison of detection performance across multiple defect categories for different models %
o Shockproof hammer Honeycomb Insulator Nest

mAP50 Recall mAP50 Recall mAP50 Recall mAP50 Recall

RTMDET-s™" 0. 599 0.552 0. 881 0. 780 0. 902 0.871 0.776 0.707
RT-DETR-R18"" 0.671 0. 601 0. 886 0. 830 0.919 0. 885 0. 841 0.751
YOLOX-s'" 0.595 0.568 0. 883 0. 801 0.911 0. 855 0.735 0. 757
YOLOv8-s™! 0. 649 0.597 0.878 0. 907 0. 909 0.915 0.775 0. 730
YOLOv9-s™ 0. 645 0.525 0. 880 0.815 0.914 0. 896 0.788 0.713
SC-YOLOM" 0. 679 0.581 0.901 0. 839 0.917 0. 891 0. 817 0. 744
LED-YOLOv10™* 0.571 0.522 0. 855 0. 800 0. 891 0. 870 0. 624 0.598
YOLOv10-s™ 0. 653 0.571 0. 879 0. 833 0.915 0. 893 0.793 0.737
TLDDet(4 30) 0. 687 0.598 0. 904 0. 834 0.912 0. 885 0. 838 0.767
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FCAEATHR i 05 R SC 55, 92 5% 43 5 )T K Faster block Al
CAA BRI AN 2 R LR C2F e, S2a6 25 a3k 4
i,

R4 FQFAERBBIRER
Table 4 Ablation experiment results of the FC2FA

itk Param/M  mAP50/% Recall/ %
C2F 7.20 0.798 0. 747
+ Faster block 4.43 0.792 0.733
+CAA 4.79 0. 818 0.751

r S 3645 S AT 40, AL fd ] Faster block B, 75 35 T3040
HBREER BN S HE WD T 2. 77 M, {H mAP50 T
M7 0.6%, Y4[AIM 17 Faster block #1 CAA By S8 & Lt
JFfh C2F BB AR T 2. 41 M, [ A mAP50 28 T 2%.
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Table 5 Ablation experiment results of the tlddet model

FCRFA ATFI SEAM-  Param  mAP50 Recall
Head /M /% /%

— — — 7.20 0.798  0.747
N/ — — 6.68 0.818  0.751
- N — 6.55 0.805  0.755
- - N 7. 04 0.801  0.747
N/ N — 4.79 0.824  0.759
NG N/ 6.16 0.820  0.755
- N N 5.50 0.819  0.769
N/ N, N 4.61 0.835  0.771
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Fig. 8 Comparison of detection performance between TLDDet and

YOLOv10s under different backgrounds
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