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Key parts and defect detection of transmission line based on HCDNet-YOLO11
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(1. Department of Computer Science, North China Electric Power University, Baoding 071003, China;

2. Engineering Research Center of Intelligent Computing for Complex Energy Systems, Ministry of Education, Baoding 071003, China)

Abstract: Drone inspection is one of the important methods for power transmission line detection. To address the
issues of large target scale variations, difficulty in detecting small targets, and the inability to effectively capture defect
details in complex scenarios with existing power transmission line detection algorithms, an improved YOLO11 model,
HCDNet-YOLO11., is proposed. Firstly, the HCDNet network is designed to replace the original feature pyramid
network, reducing the model’s parameter count and enhancing its expression of features at different scales. Secondly,
the MulCAA attention module is constructed, which extracts key information through a dual-branch structure of
average pooling and max pooling, reducing information loss and weakening the interference of complex backgrounds on
detection targets through long-range pixel dependencies. Finally, the RepConv reparameterization convolution is
introduced to implement the Rep_C3k2 module, enabling the model to introduce a larger receptive field during the
training phase. enhancing its nonlinear feature modeling ability. Experimental results show that the HCDNet-YOLO11
algorithm has increased the accuracy by 1.9%, recall by 6.5%, and mAP50 by 5.7% on the self-built power
transmission line dataset, with a 24.42% reduction in parameters. The algorithm attains good performance on the
premise of reducing the number of parameters. On the public VisDrone2019 dataset, the HCDNet-YOLO11 algorithm
has increased mAP50 by 6.5% and 4. 6% on the val set and test set, respectively, verifying its strong generalization
ability in complex aerial scenarios.

Keywords: transmission line; HCDNet-YOLO11 ; multiscale feature fusion;attention mechanism;repeated convolution
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BT HSFPN BEHUFE R AF il 4% b T 19 58 Mg .

HE— 25 ¥ U W 45 2t 4 HCDNet, (1M 55 0L, ol 3k
AR R A R I E . RE T AT
PANet il HSFPN ™ %% 345 41 % W & B 2% .

GBS A 1 56 GIF Bt 5 B i) 22 RUBE AR AE il RE T
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AR, LR mE 2 fiR, Hp NERERSHE
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32 pixel X 32 pixel & 96 pixel X 96 pixel Z [, i & H ALK
S NB 96 pixel X 96 pixel, SZHuzh SR FEE, MBE T
£ 551 3 J2 PANet 1 4 2 PANet 4% 45 , HCDNet [
AEFR/NRE BARHY AP FI AR 845 13 @ 90 B 4
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280 /N F bR 9 RGBS L e A B g A s T
T IU T e 2 T AR B AT SO0 L O R AR DA
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B/ A bs B9 R AL RE 1. TR, 32 553 o 45 H b AR B
bR AR RF TR GRS JEE L AIE W] HCDNet BE 8 75 A
[F] H bn KRB b7 0K B 3R L, 8k 0 1 X K — R AR AR 1Y)
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Table 2 Multi-scale feature fusion capability comparison experiment

ER TS AP-small AP-medium AP-large AR-small AR-medium AR-large
PANet+P345 68. 7 67.8 88.2 84.1 83.2 91.4
PANet+P2345 78.3 68. 4 88.3 93.0 84. 3 91.9

HCDNet 79.8 68.9 88. 2 94.7 89.3 94.0

T R B S R R (E
3.2 MulCAA #HR45#7

H T B E MulCAA IRk i i A ok, 2 i E B
T ATE R AHLE A5 5] A HCDNet M4 09 36 Eiit T
NUAX Y. F IR R LRGP KB/ B R,
e IO T TR IR 2 P2 EM P3 R, |
PSR A BRNEE 7 2, RIZHHIE 18 B 3 e 1 25 6] 43 9%
BMEE WA A5 B XN BFR 9 E A5 RS

TERJZAE 5 ATEE I HUH], AT LUTE FRAE 48 B 0151 5 M
28 T AR T OCHE X 5 I 2 A YT DT B SR /N E AR RRAE 19 3%
TERE 1, WA R s XM AR A F RN ER. NG
SLRRAE AL A L5 R DU 48 43 B E 0 00 ) )RR AR S B X L s
e RN 3 FiR . LA H RN SR A bR ARG
METN 5T 2R i S 4 45 KR L YE . MUulCAA e, 7EXS b 8
B4R 11 [ ARG O v G K

K3 FREBNNEIX KK

Table 3 Comparative experiments of different attention mechanisms

e =Wk [N P/ % R/ % mAP50/ % Params/M GFLOPs Size/ MB
SE!! 84.2 75.6 80. 6 1. 86 10. 8 4.0
simAM™" 85.2 75. 4 80. 9 1. 86 10. 8 4.0
CBAM™™ 85.6 75. 6 81.0 1.88 10. 8 4.0
CAA 83.8 77. 4 81.6 1.91 11. 8 4.0
MulCAA 85.7 76. 6 82.2 1.93 12.3 4.1

BN, TR WA R R 45 Rl 3 07 AL A e Rk
S IR B P Bk e T — 3K A A K 8 H AR L/ B BR A
T4 H A0 B R DL B8 2R 47 T 004 Ak 2, D3
SR 7 ik, WTLLE H L SE.simAM Wi i & 1 HLE
% MER S L AT CBAM 2 S WL X H 4x
A B 1 TR BENE T CAA . MulCAA V7 J L 5 hn 56
B bR A B A 2 xR AL A i BT e T TE D g i,
BEMSAT &M &2 2435 S T8, B MulCAA Bt ek B
P B S T 4
3.3 HBLSIE

R T BRI Bk Tk A A R AR T O T A A R i
TTT 6 MR TR, ST A RNk 4 froR, FRrhi A &
7~ HCDNet; B3t B %78 ICAA; f3k C 7R Rep_C3k2,
A4, S8 2 B YOLO11 B 83 M 4% i HCDNet
JE A POR A mAP 4 BT 1.2%.3. 9% Al
4.2 Yo HPERE S TE AR Y S HCE R R B e b s LG
3 51 A MulCAA BLHUS 388 T BRI & 243 5t N/ Hw
BB AE S IUAE 7. R A mAP 43 53T+ 2. 6 %0 F1 0. 6% 5 5K

B 4% C3k2 HHe Bl Rep_C3k2 J5 . BB P.mAP 43
FRTE 2. 3% F0 0. 6% AT 1) S8R 5B AR A
RAR EFR ) F FRER T 2.5% . X—H B FEEFH T
NFRAE P 43 B S A0RLFE A5 BRI , 5 B0 A 76 7 A1F 77 326
R N B AR B B AR B, T4 B bR R AR .
THARE M2 E L8 5 1, 2 Rep_C3k2 #k 5 HCDNet,
MulCAA BEH B A A, A BURE T2 77, 7%, X5 35
T HCDNet 1151 A P2 JZ 815 32 it (19 155 5T & 40 b B 4%
fiE, SR AM T B A ] Rep_C3k2 B /N HAR(E B HL5, M
HE—25 & #EH Rep_C3k2 A5 HU A FR A 42 HU 77 1 (9 4 355 %
Sz 2.3 S 5, HCDNet #1328 #5 0 MulCAA
BAHLHIE PR 1 mAP 85535 840 #2 T+ 1.5%,5.4%
5. 2% A ROCR T B Al AT — B, B E T A e
B )4 XM RE 4 T 097 80 5 B )5 S5 58 6 O HCDNet-
YOLO St 5 g MR i i R 35 2 T 85. 9%, B W%k
TT.T% ¥R 82.7% . B U R B R R AL A
1.95 M fl 4. 1 MB, Z8 4350 0iF T B0 Ja 3800k m skt

25 EFR .51 A HCDNet [ 4% X6 20085 B 1) 32 714k
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Fig. 7 Comparison diagram of attention mechanism
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Table 4 Ablation experiments of different modules
LTS A B C P/% R/% mAP50/%  Params/M GFLOPs Size/ MB

1 — — — 84.0 71.2 77.0 2.58 6.3 5.2
2 N — — 85.2 75.1 81.2 1. 86 10. 8 4.0
3 — N — 82.2 73.8 77.6 2.65 7.7 5.3
4 — - N 86.3 68. 7 77.6 2. 59 6.6 5.3
5 J J — 85.5 76.6 82.2 1.93 12.3 4.1
6 < J N 85.9 77.7 82.7 1. 95 12.3 4.1

TE < AL O A e DAL s — Fon AR AR R L/ 3 7m B B

R L R AR S BRI B R B Ak O T i T
E K51k ; MulCAA 7EE JIHLH Al Rep_C3k2 A B i P
[FIR AL » i — 25 WG T AR A RRAE SR BLAE ) . 2B ML W]
P, i1 45 A58 00 7 £ 5 5 oAb 1 [ B, S92 30T G 00K 2 19
T
3.4 AERBITLIXE

Sy 4 T PFAly BT 4R HH AR TR ) A 1 BB S AR, B I
TZA T B brw A, {45 2 B By B Y ik
Faster R-CNN, ¥ Br )i SSD, LA K M/ £H A YOLO
£ %1 HE 42 (YOLOv7-tiny, YOLOv8n, YOLOv9t, YOLO11n,
YOLOv12n,Gold-YOLO,YOLO-world) #4575t He 5256

2 5 nJ 1, if$2 HCDNet-YOLO11 2 75§y 1 48 1%
Z H AR 55 o 228508 5 A R RS 32 300 T B0 IR
SR L JUHR X T A 00 X R A v Y A M 4 2% 5 R[] B A
PIEBER. ZEENEERALANE, ROKIET
HCDNet-YOLO11 7£ 45 B 48 T+ J7 16 (9 5tk

o, B X R 4s G 7 350 BE — 25 4y A T A,
HCDNet-YOLO11 Bk 7E1% 28 B bR L0k MRS Bk 2] T
71.3% . B T ALK LU AR, R4 2% R TR
P M B e G P ™ o, 2 B RO /D T BB R AT
AN 5E B SRR L T B G A R L AR 1% 35 B bR B TR AR
W%, i HCDNet-YOLO11 835 5] A B4 5 F e £ 41
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Table 5 Comparison of detection accuracy results for

various categories %

kB In Tu Id Dp Sr
Faster RCNN  83.3 23.5 76.3 40.3  39.2
SSD 89.0 52.0 84.0 73.0  63.0
YOLOv7-tiny  96.0 56.7 91.7 83.3  60.1
YOLOv8n 94.9  56.3 89.7 79.9  61.8
YOLOv9t 94.8 53.3 89.1 79.0  57.1
YOLO11n 95.9  59.9 89.8 80.3  59.4
YOLO12n 94.7 51.8 90.1 77.9  56.2
YOLO-world  95.5 53.6 91.7 79.3  62.5
ZN' 97.1 71.3 92.1 82.3 70.8

T AR A o A (A
il 4 2 HCDNet W %%, 5280 T/ RoSF H A% 19 557 1F 3 5% 5
256 MulCAA BEH RSy 32 1 B ) 4548 3F — 25 7 25 (] Al
T S T T AR A o S SRR E R 0 S A0 T B4 I R [
i, Rep_C3k2 #5% M i i 45 4 55 2 BI04k O s 48 0 1 % 01 %
477 /0 B bR B R RSB B R SR EEE . A IR [
FH S SE BT R oA S 40 2% 6 DUDRS BE 1) 10 5 4R T

3 6 A, 5 Faster R-CNN F1 SSD 52 5 A I , tic it



B HEAM F . A F HCDNet-YOLO11 #94r & K 35 £ 42345 B s e o) B ok

G

Ja BR RS TR AR LR 2% . 5 YOLO RINE
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8. 6% .5. 2% .5. 3% s Z &4 B/ T 4.02.1.00,0. 02,

0.58.0.61.3.61.,2.05 MR BIR B 5 R T 7.5.1. 9,
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Table 6 Comparative experiments of different models

R E P/% R/ % mAP50/%  Params/M GFLOPs Size/ MB FPS
Faster R-CNN 48.7 57.9 53.0 41.0 195. 2 108. 3 12.0
SSD 83.3 55. 6 71. 9 24.3 176. 2 92.7 30. 7
YOLOv7-tiny 87.5 70. 9 77.6 6.0 13.1 11.6 124.1
YOLOv8n 80. 4 71.4 76. 5 3.0 8.1 6.0 145. 0
YOLOv9t 79. 4 69.5 74.6 1.97 7.6 4.4 80. 4
YOLO11n 84.0 71.2 77.0 2.58 6.3 5.2 130. 3
YOLOvI2n 77.8 68.8 74. 1 2.56 6.3 5.2 103. 7
Gold-YOLO™ 84.2 69.5 76.9 5.61 12.1 23.6 138.8
YOLO-world™” 82.3 69. 8 76.5 4.05 14.1 8.0 132.9
AR 85.9 71.7 82.7 1.95 12.3 4.1 105. 4
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Fig. 8 Comparison of small target detection results of transmission lines
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Fig. 9 Comparison of similar target detection results
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Table 7 Comparison of experimental results of IDLR dataset %

Bk R P R mAP50 insulator defect line rust
YOLO11 96. 1 93.1 95.9 99. 4 99. 3 90. 6 94. 4

AR 96. 2 94. 2 96.9 99.4 99.2 93.6 95.2

R 8 VisDrone2019 #IFE LW ERITLE
Table 8 Comparison of experimental results of VisDrone2019 dataset %
o test % val £
RN R
P R mAP50 P R mAP50

YOLO11 40. 1 29.6 27.7 44. 8 33.9 33.9

SCik[20] — — — 49.7 38.7 39.8

Seik[21] 42.1 32.4 31.0 48.9 36. 8 38.1

ek 22] 41. 7 30.8 29.8 45. 6 35.7 36.1

A3 43.0 33.7 32.3 50. 7 38. 8 40. 4

o 2% 1Rk A b B T SR R 2w R N T RO B T
P8 R R HE A DS 2 456 3 10096 o 5 2 HIOBE 1O 0 2
RTET 3. 0% A E MR T T 0. 800, TS
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Fig. 10  Partial detection results of IDLR dataset
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