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Transmission line small object detection based on Gromov-Wassertein
optimal transport

SUO Daxiang, LI Bo”
(College of Management and Economics, Tianjin University, Tianjin 300072, China)

Abstract ; In order to address the issue of severe performance degradation of target detection algorithms in the scenario of unmanned
aerial vehicle (UAV) line inspection for power transmission lines, specifically when dealing with small targets such as line defects
and missing components, a new loss function was proposed from the perspective of label assignment to improve the accuracy and ef-
fectiveness of small target detection. Different from traditional target detection methods, each predicted bounding box was treated as
a Gaussian receptive field, and the ground truth value was treated as a Gaussian heat map. Label assignment was performed by calcu-
lating the distance between two Gaussian distributions. A Gromov-Wassertein optimal transport-guided model learning method was
introduced, which could be built upon existing detection models. Experimental results on multiple power transmission line target de-
tection datasets demonstrated that the label assignment scheme using Gaussian receptive fields and optimal transport had achieved
good performance in small target detection during power transmission line inspection.
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Table 1 Detection results on the TTPLA dataset A%
*ﬁﬂ qu: Mé% APSO AP75 AmP APS APM APL
Yolact! ResNet50 34.3 11.2 14.5 6.2 21.7 31.1
Yolact**! ResNet101 32.6 10.1 14.1 7.3 20.7 26.4
Faster R-CNN'"%/ ResNet50 31.7 9.9 13.7 6.9 21.3 26.0
R-FCN!¥ ResNet50 32.3 10.0 13.9 8.4 22.7 27.5
ARWFGE F ik ResNet50 34.6 21.4 21.4 18.1 22.2 27.6
AWIE ResNet101 34.4 21.0 20.8 18.3 20.8 26.1

TE : Apsg 1 Apys 7058 1 BI{EHR 0.50 F10.75 B RFIIRG L, A pg (Apy 1 Apy 7351 B /INRSE R RIR RS H AR B A6

I HERR A

b P £ 0 T e LN A O R A I 580
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b — 2L R WA T 7 vk A R A A
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Table 2 Detection results on dataset of metal appliances for transmission lines AN %
el FT W% Apso Aps A Aps Ap Ap
SSD!! ResNet50 22.3 20.1 18.7 -100 11.9 22.6
Faster R-CNN" ResNet50 23.1 21.5 19.6 -100 17.1 23.7
YOLOv4!" DarkNet 26.8 24.9 21.1 -100 18.2 24.4
R-FCN!''¥! ResNet50 24.5 23.7 20.1 -100 18.4 24.7
AR T % ResNet50 28.4 26.2 22.0 -100 21.5 28.0

£ SFID $#i4E L A BiE 45 R sk 3 i, A&
WG RS TR 99.0% ,A, . N 86.3% , [AFSTE
RS ARG ik 5 T H A Bk S T A S A
A, IR AT 2 A4~ . SFID $i 4 1 H b5 R e 55

K, TCEEAR PR H A B 58 5803 X5 70N B o 4G 0 149 A 3%
AW FE K 1Y 3 T W 4% /2 ResNet50 1A 2 5
Sy DarkNet, H 545 K ] FINet' ! i () icd 145
ik,
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Table 3 Detection results on the SFID datasets

A %

*ﬁﬂ EE:I: Mé% APSO AmP(O.SO:O.QS)
Faster R-CNN ResNet50 98.4 80.1
Mask R-CNN ResNet50 98.3 82.0
YOLOX ResNet50 99.4 86.0
Swin_transformer Swin-T 99.0 86.4
YOLOVS5 DarkNet 99.3 87.0
FINet DarkNet 99.5 88.3
AWIFETT ResNet50 99.0 86.3

TE A poso:00s) M Loy BIEFE 0.50~0.95( 24 0.05) FHY
PR

AWESE A TTPLA B4R k47 H mllit 59
Mg R AN 3R 4 Fros, A5 m a2 B & Gromov-
Wasserstein {25 X f5 2k I P BE Y200, TG 7 7l
TR 56 Y B4k )7 1 2 Faster R-CNN, 3= T [ % /& Res-
Net50, H1Z 4 ATLUE i, mibnssz B 5| AEAE
FOTEAE R T LA RS T HERe T, A
Apys A, o B Ap MR TE 2.3 6.4 5.8 & 7.3 T34,
VLI IZ 5 v 64T H AR 045 28 38 3K 58 TE A 450
Ab BRI AR AR 2SS TE, 4 T H AR K I g . Gro-
mov-Wasserstein FE 25 i 5| A A0 58 7 5 7R iR 47
P& ear I i, 5850 % R BN R H bR Z B ) 1
SCRFR % L HES Y H bR B 47 2L B 5 R T/
H AR AN, 72 56 o 7 vk 0 38 b, ARHF 58 7 ik 1
Apso Aprs Ao M AT T 0.6.5.1.1.9 X1.9H
i

F 4 HAILRLS
Table 4 Results of ablation study

AT %
EHrEX  Gromov-Wasserstein
e W A Arms A A
3.7 99 137 89
VvV 340 163 195 16.2
VvV Y4 346 214 214 18.1

T Aps F AT /IN RS FURR BRI R R, < V7 Rk R
JHXTRE 53

ABGEHE— 251 T e 30 a2 BB X6 A 45 4 T
M52, 38 7R BB B BERLAE A 6] RO 1 B
HE 45 40 bR 25 3 e o 72, 48 31 Faster R-CNN'WY |
FCOS'" Je AR 55 J5 i A3 B IE FE A A B0t . LM
RAFHEER 0~ 64 BF K HA 16 A [HF 1A
43 TE 3 B A 6] B 0 EREAS B, ANk 5 FoR B8 43b
25 THC 3R WS A7 E W I 1 R A O B8 Al R) R, T
BT 5 AR I B 35 ( Faster R-CNN) | 2R 1,1
Jor B AR e, N ROSF HAR IR MEAR 15 IEFE A,

BRI Bk R AR — R B G R T X AR
R B TN RS ATD SR T vk AR AT IEREAS 77 7E [
B AR AS A R4 i [, TG AS T 5 T 1k |
AA R A2 B 1 7 3, FRAT T 0 A X A A OE
FEA
K5 OAFREBRBE R I Bl X
Table 5 Comparison of scale—sample allocation fairness
for different algorithms

R I Fa“;j;}j'CNN reos gy ORIk
Y M ARAHHY

B g TR g
0 0 3
0 1 3
10 0 3 3
14 0 5 3
18 0 8 3
2 1 8 3
26 4 8 3
30 7 7 4
34 7 8 4
38 8 8 4
42 6 8 3
46 3 7 3
50 3 7 3
54 4 7 3
58 5 7 3
62 6 8 3

34 WNEREH
el FH B b 28 4 TG SR W 5 38 52 1) A T 245 SR
AR XT &l 3 s, o s aER T, 4068
MEACRImR Y Hin, BB 3 iTEN, A5 MK
W BAE LA 2 /N B bR H AR 5 B IR 55 R
PRAGOL T B 1 85 4 i A D 28R | 4 2 X 1/
H s AR IR A8 Ty s B A I e

=

(©) AT FAGIMZE 1 (d) AT RS 52
Pl 3 il SR AT Ak He

Fig.3 Visual comparison of detection results
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