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Detection of external force damage of transmission lines
based on stepwise feature fusion

ZHAO Wenging'?, CAI Jianying', LI Saichen'
(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Hebei Province
Energy Power Knowledge Calculation Key Laboratory, Baoding 071003, China)

Abstract: A detection method based on stepwise feature fusion is proposed to address the challenges posed by instru-
ment deformation under unmanned aerial vehicle (UAV) shooting angles and complex features caused by different oper-
ating states of arm-bearing machinery during transmission line inspections. The method integrates deformable large ker-
nel attention networks to extract features from UAV images, performs stepwise feature fusion using a multiscale se-
quence feature fusion module, and applies lightweight operations to the detection head to reduce the parameters. An
gradual complete intersection over union non-max-imum suppression(GCloU NMS) loss function further enhances the
model. Experiments on a self-constructed dataset show mAP50% and mAP50%-95% improvements of 10.5 and 10.2
points, reaching 86.8% and 58.4%, respectively. On the VOC dataset, mAP50% and mAP50%-95% increased by 7.3
and 8.1 points to 79.5% and 58.8%, respectively. The results demonstrate the effectiveness of the method for external
force damage detection of transmission lines in complex environments.

Keywords: external force damage of transmission lines; object detection; feature extraction; stepwise feature fusion;
lightweight head; GCIoU loss function
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Fig. 1 Overall architecture of object detection based on stepwise feature fusion
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Fig. 4 Multi-scale sequence feature fusion module

AR SCH B 0 285 4 ORI ) R A 4 B ORUBE 91
KNG RR A N3 A RS il i [ R
R RUAG N 27 b A A5 A X R RUBE 7 91 R A 2R 4 7
PR, 7 P LR A (RS /N RUBE 7 B R ik 2R A7 4
B PR S B RPAE AN RUBE e AR 1 R/ — 2

He R 5 B9 v L /N RUBE e 91 e ik 7 S 1
YERE b AT BRE, T BRSO . IR RS A
T A e 22 1 R 268 J2 A Tt — 28 R Ak PR 70 B

X AR, A [E]RUEE P 51 Y AR £ B fE
%A S Rl 5 e — S, ) 26 B At S A T A S
AR SCAR S, AT g i 4SS 0 7 i riL 28 5% 210 ) BB
0 7 TR %) M P T R
23 WBRENER

To AL 1 $5% 15 K 5 mi A i v, 24 18
K B THIERE T A R A 2 AT IR, TR 4R
TSI A HE 4 [7] Pk e AR 2 508 A F 5 1) S 1)



$20% B OB A

* 1086

A2 — o AR SCHR H X AGE I Sk R AT 4% Al ik, ik
DR B R, AN 5 Bs .
77777777777777777777777777 mPER

155!

Conv 3x3 JHIAIEME Conv3x3

>
Y ’H7—>

P,(i=3,4,5)
WEER]  Conv3x3 Conv 3x3 4
1SR

<
SR

==
S

Es5 KBS HER
Fig.5 Light weight head module

AR SCHERG D 3K 19 [T U4 55 b, 14> 33
B AR BTG, S0 J5 fi B od i TR e 1R
Ve e Ak (&1 22 T 1) 38 3 15 8 R AT A&, dieJm H
G EE B2t 1A 3x3 B, 4R15 [
A5 B o BRBE AT o3 B 5 AT LUAT R0t /b 2 450 il
TR, 7R 53 2RAT 55 vh i I B 7T 4 85 4 AT LA
DRI Sk S H R . TR RAE S, f A RRE
HhRAT - MRE BRI, R54d
24 33 BRI T RS AT R E R .
2.4  GCloU NMS

CloU Loss J B (1) J2 = 9 14 25 57, T AS A2 5 5
o S HEFEN RS E S, oA E B AR
HE IR o 22 ) 14 22 5, 23 S B0 FUAE ] AR Y A
PEHS A TE E A AN HERA B[] f, CIoU Loss A 20N
P (b,b)

c2

s b= EIR 2 D FHIEHER TPl L pRoR 24>
FEICAE Z [0 B BR ECHE B, c3RoR 2 DI HE Y A4
DX X MR B RS, v IR AT i 2 A HEAH X
Fo Y — Bk, o R2AUE R AL

EloU Loss 7F CloU Loss f*)F& Al [ B 90 L 1)
S R R I, 43 SR B A 0 I AE Y KA
Bi, — o BB TR e BRI, A AN

p*(b,b*)  p*(hh*) +p2(w,wg‘)

(hey +(we)' (k) (we)’
e he Flwe S die /Nl BB B9 o F B, AR 3R 7R
2 MNEIEAER 7, wRllwe KR 2 DR AHE Y 98

SR, 2446 I HE 22 8] 5 25 42 s ), EIoU Loss
R WAL S 212 o PR A SR — i A9 48 2 R
# GCloU., GCloU 7£ CloU Loss F1 EloU Loss [
Hefih E TS G, B B4 CloU Loss 1Y 9l HE
PRI, HB SR — A& R L, AR5 1S

Iy = Iy —av—

Iy =1-1Iy+

Bl EloU Loss 43 7 1155 H A5 AE F1 F i AE ) K Fi
$i, HLARWSENEMAE ., HitE AR
p’(b*,b) +P2(hg‘,h) +,02(Wg‘,w)
c c 2
To AR5 00 i H 2R B A IR I b, L
B AL BB S 4, 25 S A R () — H b 1) ¢ 3t
ME o DR 7 DA I S S 1Y) i R AE TP ik R AR —
A, DT IH B B & A A DU 45 51, O B> HAn 2
BIAGDU 3) — K, AR SCHE 2R PR AR AR L T AR OR
(RN P, B e ARl A ST AE 1 815 B2 2 BRO0 e 1k
MEHATRE P HED, SRS R GCloU J & 3155 i ik
MEZ ] Y E S AR R, MRl 0SS € 1Y ToU I,
Xof o B B Ok R A S AE S AT O A, AUOR BR AR
Iy AN S W R HEVR S S R I 25 281,

3 LBRERE M

3.1 EWRERSHIRE

AR SCHTAT S 6 A B9 #RA4E R 520 Windows10,
GPU 4 NVIDIA GeForce RTX 4070, CUDA 4y 11.6,
R 2 S HEHR g PyTorch1.13, 1 Rl 5236 5% FH bl
PUBRRE R B 7. 18 A AEEUR A B IwI G 2 > &
BN 0.01, Fe/h2 2 265 0.000 1, HEAL R 8,
TARRCE B 8, YIZRAE XL 300, 7£ PASCAL
VOC B4k b iR 4h 57~ RN 0.01, fe/hiy )
N 0.000 1, HEALBERSE O 16, TARRURE BN 16,
YIZREEHRE A 400,
32 LWHEENZE

S IGAE FT A H 2R B AP D R H AR A R
LNk % 5 L FEEUHE 4 (the pattern analysis stat-
ical modeling and computational learning visual ob-
ject classes, PASCAL VOC) ",

At 3 AR 2 I, AR R U i A [2021]
83 5 (i vy T LA A i RRAE BALIE ) HEAT AR,
MR o 458 LR, A SO E 3 A4
SIS H bR KB IZ AL AR HEDL A i
JER P R AT AR T, ML ) A AL 3 26 H
b AR B R HARRY & 7 B A B R, 5 AT
A, KRB R NI E R o 2) X FRE B T iy
Hbn ok B | i s 5 B0 2 0 26 il 1 H A A
Frbmit o it DL sBAE bR i bn o bR T 48 R 52 L
Bl SR (Y B PR o A SO Y B RO AR
K BT AN R DA [) 5 557 T B i Fi o JER 5T e,
i ANFEIE LT AN I RIRZE Y . Ah T iR 2R Y
A JUR, HATA SCEZER XS 3 Fh A R Ay
5T

RSO AR KR SR AT R DR L A AR

Isoow=1-1y+av+



- 1087 -

AT, 2« T A URF ik 6 11 i P 2 0% S0 T R A

% 53]

YEREAT 9 R, 345 2 E A 8 939 5k, Hoip il 4k 4
5614 5k, BIFE4E 2 406 5K, M4 892 5k . H HEK
EP%I%:‘%%%I@H?HI’%I 6(a) Flr7s

TR~

(a) AEEIREARZR ] (b) VOC B R AR B

B 6 HMHEREBIBE
Fig. 6 Partially labeled datasets

A fd F PASCAL VOC 34 4 il voc
2007 (9 F1 VOC 2012 #E47 Y1145, ffi F vOC 2007 it
PO, B 4R v A4S 20 K H AR, Kl gk
£ 8218 5KIK F, B0 E4E 8 333 sKIK A, M4 4 952
JK & Fr . PASCAL VOC $f 4 rp 3 4345 s 25 &
H A 6(b) Frzs .
3.3 iFMrigtR

A SO BB 8 bR 4 TR 28 (Preci-
sion), A 71K (Recall), *FH7H; £ 4 {H (mean average
precision, mAP) H1 /i) mAP@50% 5 mAP@50%-95%.
SR AR FP IS (frames per second, FPS), M
SRR W 45K ) T A H AR R IE 8 AN B He
il o A3 TE] 258 R 7 D) 46 A N 1) 1 28 o 8 S BT A AE

K. mAP [ H AR RS B, mAP@S50%
FORTE BB RME N 50% Y mAP {H, mAP@50%-
95% THEATE B A% B B M 50% 2] 95% A8 4k i
Rl mAP A, A58

Ny

Precision = X 100%
Nrp+ Nep ’

Nre x 100%

R = 7 A
ecal NTp + NFN

1
Lo = j P(R)dR
0

1 n
Loap = Z ZIAP,
i=1

itrh NTP ?@ﬁiﬁﬁﬁ?ﬁ{)ﬂﬂ E/‘JIEEZIK/I\%&, NFP %éi_\‘
i T 1) TR AR AN B, Nipy 32705 1E Bff T0000 17 172
FEARAEY, Nipn 2278 55 15 00 0 RFEAR A4, n Ry
Bt S i A & 0 2R BIEEL, Lo, R HE | S 2R SRS I
HY9-F-3K5 B (average precision, AP),
34 EWERRKRSH
34.1 sPbEi

T B UEAS SCHR HY ) DBSWFF g PERE, 16 A
BEARAE L, A S T 24070 mAP@
50% . mAP@50%-95% . Z % & Fll FPS. X L 3L 56
R ME 1 iR,

F1 WBLRINNEIFBIEEN L

Table1 Comparison of performance metrics of different algorithms

AP/%

ik Precision/% Recall/% mAP@50%/% mAP@50%-95%/% Z4i/10° FPS
KREIZHIL ARl RAL

Faster-RCNN®! 73.4 745 76.9 82.6 67.5 75.3 40.1 158.40  43.0
Cascade-RCNN!! 74.1 79.8 71.7 81.8 68.7 77.2 41.2 265.00  37.0
YOLOv5!™ 712 80.0 775 82.0 70.5 76.3 45.1 251 855
YOLOv6! 63.1 72,5 69.0 80.1 62.3 68.2 39.4 423 845
YOLOv7!! 72.0 78.9 80.0 81.5 70.8 77.1 45.5 3721 77.0
RT-DETR-x? 78.5 774 85.1 81.8 74.3 80.3 49.0 67.30  67.2
YOLOvVS? 75.1 80.9 783 85.9 70.9 78.1 48.2 3.15 789
YOLOvS-1?% 80.0 847 835 84.0 75.9 82.7 56.3 43.69  66.1
YOLOvV9-m 77.0 812 798 85.7 723 81.1 552 2013 68.6
YOLOV10-1 82.3 85.4 847 87.0 76.2 84.1 57.7 2451 69.4
DBSWFF 86.1 87.4 86.9 89.5 77.8 86.8 58.4 14.54 786
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Table 2 Comparison of performance metrics of PASCAL

VOC datasets %
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Table 3 Ablation experiments of self-built datasets

ADPR Precision/% Recall/% mAP@50%/% mAP@50%-95%/% ZHE/10°  FpPS

KEZHHL BEL
YOLOVS 75.1 80.9 783 85.9 70.9 78.1 48.2 3.15 78.9
DLKA 75.3 81.9 79.6 84.8 72.5 78.9 48.5 5.39 76.5
SWFF 80.7 84.8 83.2 87.6 77.4 82.9 54.5 11.34 75.4
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S D 81.8 86.5 852 89.5 77.8 84.9 56 15.56 70.2
S DH 82.8 85.7 85.6 87.7 78.7 84.7 55.6 14.54 74.1
DBSWEFF 86.1 87.4 86.9 89.6 79.1 86.8 58.4 14.54 78.6
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Table 5 Ablation experiments of loss function %

Jitk  Precision Recall mAP50% mAP50%-95%
CloU 85.9 70.9 78.1 48.2
EloU 86.9 75.4 82.6 53.7
EC 83.1 70.1 77.4 42.1
GCloU 87.7 78.1 84.1 55.1
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DBSWFF  89.6 79.1 86.8 58.4
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Fig. 9 Visual object detection results for different algorithms
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