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Small sample foreign body detection in power lines based
on double coding and meta-learning

Chen Zhexuan,Gao Xuelian,Song Jiayu, Liu Yi

(College of Electrical and Electronic Engineering ,North China Electric Power University, Beijing 102206, China)

Abstract: Foreign body detection is a critical component of power grid inspection and maintenance, as it plays an essential role in power
transmission. However, detecting foreign objects in transmission lines with small sample data under complex environmental conditions
remains a challenging task. This paper proposes a Meta-Learning-based Double Coding Target Detection Network ( ML-DCTDN),
combining a Swin Transformer Network and a Convolutional Neural Network ( CNN). The innovation of this network lies in two key
aspects; firstly, the Swin Transformer network enhances its generalization feature extraction ability through a two-stage meta-learning
process. In the first stage, it learns transmission line features, while in the second stage, it focuses on foreign object features, improving
performance for target detection tasks on small sample datasets. Secondly, the double coding network uses both RGB and grayscale images
as inputs, and employs a Layered Fusion Module (LFM) and a Feature Pyramid Network ( FPN) to achieve multi-modal feature fusion.
This approach leverages the rich color and texture information of RGB images while also utilizing the robustness of grayscale images against
lighting variations and fine details. The model’s anti-interference and detection capabilities are thus strengthened in complex backgrounds.
Ablation experiments reveal that the meta-learning strategy significantly improved the Mean Average Precision (mAP), with grayscale
image input increasing the mAP by at least 4% . Comparative experiments with SSD, Faster RCNN, YOLOvS, and YOLOv8 algorithms
demonstrate that the proposed meta-learning strategy and double coding network structure greatly enhance detection accuracy in foreign body
detection tasks for transmission lines with small sample datasets. The mAP50 and mAP75 values achieved were 98.6% and 64.7% ,
respectively.
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Table 3 Ablation experiment results of meta-learning
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Fig. 10 Detection effect of mainstream algorithm detection ( nest)
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Fig. 11  Detection results of mainstream algorithm detection( hanging object )

H1 T YOLOV8 J2 75 34 i T 2% > 3R W, B33 80U 5% il
AR, R AR IR 58 2 8 T 0 35 o R0 fe i I R A7 X6 L
HE 10(a) F 11(a) AT%0, SSD 2 38 i 7 i 1Y 22 I 4l
HESEAT AN, FCARE LT AE — 2 R B, A 3/ B AR
Mg by s HARIWEE )1 ERBUAE S5 & 10(b) AT 11(b)
Faster RCNN {1845 0 VR Rf 1A o J A9 08 % 36 DX S o o, 1710
AR/ INREA B 46 1 2505 T U, 55 o2 2 N R | it

SN e ARG AR s AL 1011 (e) M (d) TR
YOLOvS5 5 YOLOv8 1 Bl Boer I 2% | 26 Rl 2% 1A
RARRF A LE R IR AT 2% Sl N RUEE H FR B RO A
& 10(e) FT 11 (e) AR FTE ) ML-DCTDN ()£
TR -, ML-DCTDN — J7 Ifi Fl) FH J6 2% 27 3R W 40 35
Swin Transformer F)/INMEEAS 22 2] BE 77, 55— J5 T A FH AU
i D) 26 235 9 70 43 R HE 0 2t s RV R o B8 TR 1) B A M 2,
Pt $E MR &2 2 5 T AR B, i AR /N H AR
558 715 S IB 00T BRI SR 24 4o He e Al

4 #

ARG 4 1 35 9 B T2 2] SRS 1 U E A
KU 2%, B TEfRUINEEAS 52 2575 50 T i L 2 S ke
AT

Bt X i PR A A B N ) S o ) A S A SR FH R
Booes 2 il 25K g, 454 Swin Transformer [ 4% £l
PN A G P SR TS R N AN o N
L2k SRR o, R 5 SR AR T T AR A A

JE R/ INEEAR B g RHEE I 1 A A RE T e/ MR AR B HE
AT R RS R | i 2 15 A iR
) mAP 345 I R AR T UERA T B B Bt ) M e /NEE
A B ARSI A S
BEXFAE 5 7 T By B BRAS I ) 0, 152 31 R0 2 B ) 2%
SER  HRAN T B AR A b T 22 R A 2% H B R A B
B s R R LT W MG =F 6 1 0% 5 B R S 4n 1 5 8
RO FE FMGSE Sk T 5 Se By T Pk 5 & e bk ik
4t Swin Transformer 25K [ 21 44 KRG AE B A,
TR G CNN 28 R FH K B MG AE i A, ot LEM
e 33K TR o X 245 1 BBCA S ) AR 1 3 T8 2R A7 B A AR A5, 448
ST XSRS R AR A 245 5 N ARAE F A MU I g T
PR T H AR S5 A B, K RS S AT
BT LUE mAPS0 Fl mAPT5 /DR T 4% o4,
ABFFEITEE S SSD | Faster-RCNN , YOLOvVS 5 YOLOvS %4
A, mAP 3975 B BT, mAPS0 Fl mAPT5 {H 43 54
%) 98. 6% £ 64. 7%
ARHFFE N D/ INREA BRI T2 2475 50 T 5

L 2R SR DB AL T — P n] 45 1) i DR O 28, ROk TAE T
DL AT A% et A D R B8 v G 5 23R % 2% LA SR A
W07 T AR L
S 3k
[ 1] Fdes, % EE, B, & — RN LERERN

RGBS M BoE A P B 53R [ 1], A E AL T

FaEdE, 2020, 40(17) :5506-5516.

HE J H, LUO G M, CHENG M X, et al. Research



204

O M x #

#H Faetk

(2]

[3]

[4]

[5]

(6]

(7]

[8]

(9]

review of new generation artificial intelligence in power

system fault analysis and location[ J]. Proceedings of the

CSEE, 2020, 40(17) :5506-5516.

XM Re—4 XS, JE T OL0E B it 2k % BB
bR AN T A AT SBR[ )] AN AR IR A2, 2024,
45(3) :286-305.

LIUCH Y, WU Y Q, LIU J J. Research progress of
vision-based rust defect detection methods for metal
fittings in transmission lines [ J]. Chinese Journal of
Scientific Instrument,2024,45(3) :286-305.

Tl AR AR, 25 45 HE T YOLOvSs (1942 it fh 48
2L S A R 25 [ 1], AL I ROR, 2024,
47(7) .138-148.

XU YD, CAIY H, LI Y, et al. Nest detection network
of lightweight
YOLOv5s [ J ].
2024,47(7) :138-148.

BT, BT, FEHENS , 45, TR LA o B AR U5 12 5%
L] FEBEZEE R, 2020, 25(4) : 629-654.
ZHAO Y Q, RAO Y, DONG SH P,
deep learning object detection methods [ J].
Image and Graphics, 2020, 25(4) ; 629-654.
VeI, S8 T, A N4 A JE AHLIL A Y H AR
Rt R [T ], FE B R B 244, 2023,28(9)
2563-2586.

LENG J X, MO M J CH, ZHOU Y H, et al.
progress of object detection from UAV perspective [ J ].
2023, 28 (9):2563-

overhead transmission line based on

Electronic Measurement Technology,

et al. Review of

Journal of

Research

Journal of Image and Graphics,
2586.

Mot 52 1] B, R 98, 45, KBTS AHLAL 3 i8S LiIDAR
M ER B WOIrEL]] AR, 2017,41(8)
2723-2730.

CHEN CH, PENG X Y, SONG SH, et al. LiDAR point
cloud safety distance diagnosis method for large UAV
power inspection [ J ]. Grid Technology, 2017, 41(8):
2723-2730.

GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich
feature hierarchies for accurate object detection and
semantic segmentation| J]. IEEE Conference on Computer
Vision and Pattern Recognition, 2014. 580-587.

A, T B 22 10 245 ) i Pl e i e DA AGE ) 5
P D]. FEFIERR : A5 kR ,2019.

NI CH. Rapid fault detection and identification of
transmission lines based on convolutional neural net-
works[ D]. Hohhot;
Technology, 2019.
REDMON J, DIVVALA S, GIRSHICK R, et al. You only
Unified,

Inner Mongolia  University  of

look once: real-time object detection [ C ].

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2016, 779-788.

HAN ] M, YANG ZH, ZHANG Q Y,et al. A method of
insulator faults detection in aerial images for high-voltage
transmission lines inspection [ J ]. Applied Sciences,
2019, 9(10) :2009.

LIU W, ANGUELOV D, ERHAN D, et al. SSD. Single
shot multibox detector[ J]. Computer Vision-ECCV 2016,
2016, 21-37.

XU CH F, BO B, LIU Y, et al. Detection method of
insulator based on single shot multibox detector [ J ].
Journal of Physics: Conference Series, 2018, 1069 (1) .
012183.

REN SH Q, HE K M, GIRSHICK R, et al.

CNN: Towards real-time object detection with region

Faster R-

IEEE Transactions on Pattern

2017, 39(6) . 1137-

proposal networks [ J ].
Analysis & Machine Intelligence,
1149.

M SRR ROK AR SF. LT XURHIE RS 9 0 R-
CNN FL /NG BB IR I T i A7 [T ], e Tl
8441, 2023,37(7) :213-220.
YE F, LUO X ZH, SONG Y CH,
improved R-CNN defect detection method based on dual

et al. Research on

feature fusion[ J]. Journal of Electronic Measurement and
Instrumentation, 2023,37(7) :213-220.

REDMON J, FARHADI A. YOLOv3: An incremental
improvement [ J ]. ArXiv preprint arXiv: 1804. 02767,
2018.

AR, VLA, BB, 4F. R TR R4 Y ED-YOLO
HL D8RS TJE MLk e B A U 3 [ ] XA AR 4

#z, 2021, 42(10) ; 161-170.
PENG J SH, SUN L X, WANG K, et al. ED-YOLO
power inspection UAV obstacle avoidance target

detectionalgorithm based on model compression [ J].
Chinese Journal of Scientific Instrument, 2021, 42(10) .
161-170.

X, B, WUE. B F it YOLOv7-tiny 19 2 254
G AN (1], AR 4, 2024, 45 (9) 1 101-
110.

LIU X, CHEN CH, SUANG F. Multi-type insulator
detection algorithm based on improved YOLOv7-tiny[ J].
Chinese Journal of Scientific Instrument, 2024,45(9) .
101-110.

YAO H, ZHANG Y J, JIAN H CH,

pedestrian detection based on Fore-Background contrast

et al. Nighttime

learning [ J]. Knowledge-Based Systems, 2023, 275
110719.
GUPTA S, GIRSHICK R, ARBELAEZ P, et al



53

WRTHE 45 < RS XU RS 5 027 1 14/ MR A i i 2 S ) ARG 205

(20]

[21]

[22]

(23]

[24]

[25]

[26]

(27]

Learning rich features from RGB-D images for object
detection and segmentation[ C]. Computer Vision-ECCV
2014, 2014 345-360.

BT, B3, X 5. RGB-D & P ity 73 6 AR R R A
ZHRESHE BAr i [ 7], & E E R K4, 2018,
23(8):1231-1241.

ZHAO X, GUO W, LIU J. Step superpixel aggregation
in RGB-D
2018,

and multimodal fusion target detection

images[ J]. Journal of Image and Graphics,
23(8) :1231-1241.

st XIS, Bk, AF. Z2 3R AG RGB-T B8 2,
EVEH AW [T]. b E K4 KB R, 2021,
26(10) :2388-2399.

JIANG T T, LIU Y, MA X, et al

collaborative salient object detection based on RGB-T

Multi-path

images [ J ]. Journal of Image and Graphics, 2021,
26(10) ; 2388-2399.

ZEAL, BB, & 5B, BlE RGB 5 K B SRR AIE
RAT A FRR BT (D], TP AR, 2021,47(4) .
226-233, 240.

JIANG G Q, XIAO ZH ZH, HUO ZH Q. Pedestrian re-
identification method combining RGB and grayscale image
features[ J]. Computer Engineering, 2021,47(4) . 226-
233, 240.

DOSOVITSKIY A, BEYER L, KOLESNIKOV A, et al.
An image is worth 16X16 words; Transformers for image
recognition at scale[ J]. ArXiv
2010. 11929, 2020.

LIUZ, LIN Y T, CAO Y, et al. Swin Transformer;
Hierarchical shifted
windows[ J]. Proceedings of the IEEE/CVF International
Conference on Computer Vision, 2021, 10012-10022.
HAN S Y, SHAO H D, CHENG J SH,
Convformer-NSE: A
diagnosis framework under heavy noise using joint global
and local information [ J ]. IEEE/ASME Transactions on
Mechatronics, 2023 :340-349.

ZHANG Y ZH, ZHAO X Q, LIANG H P, et al
Multiscale dilated convolution and swin-transformer for

Applied

preprint  arXiv:

vision Transformer using

et al.

novel end-to-end gearbox fault

small sample gearbox fault diagnosis [ J ].
Intelligence , 2024 7716-7732.
THRUN S, PRATT L. Learning to learn: Introduction

and overview [ M ]. Learning to learn. Boston, MA;
Springer US, 1998. 3-17.

KANG B Y, LIU ZH, WANG X, et al. Few-shot object
detection via feature reweighting[ C]. 2019 IEEE/CVF
International Conference on Computer Vision, 2019,
8420-8429.

BESE . LA i i 2 A5 e A A 0 O B R B
FELD]. K% REEWGF R ,2017.

LIAO SH L. Research on key technology of component

(28]

[29]

detection in aerial transmission line image[ D ]. Dalian;
Dalian Maritime University, 2017.

LK XUV, SR, 5. T2 3 AR EA (1), 350
HL2EH, 2021 ,44(2) 422-446.

LIFZH, LIUY, WU P X, et al. Meta-learning research
2021,

[30]

review [ J ]. Chinese Journal of Computers,
44(2) . 422-446.
LIN T Y, DOLLAR P, GIRSHICK R, et al.

pyramid networks for object detection[]J]. 2017 IEEE

[31] Feature
Conference on Computer Vision and Pattern Recognition,
2017 2117-2125.
1EE &I
FRETIE , 2022 AF FAEJL AL AR AR A
herAr, B B A e g RS A E
i o BB 1 WV 2 1 R
B2

—
‘\‘ﬁ E-mail :2397930220@ qq. com

Chen Zhexuan received his B. Sc. degree
from North China Electric Power University in 2022. He is
currently a master student of North China Electric Power
University. His main research direction is the application of deep

learning technology in the field of electric power.

H BT E GEF1EH) , 2005 3145 R

Bet SR B o, B AR JL L T e
- PR B R0, BRSO o T
| | RETE HL 7 AU A 1

received her Ph. D. degree from Institute of Semiconductors,

E-mail ; xuelian_gao@ ncepu. edu. cn

Gao Xuelian ( Corresponding author )

Chinese Academy of Sciences in 2005. She is currently an
associate professor and master’ s supervisor of North China
Electric Power University. Her research interest is the application

of artificial intelligence in the field of electric power.



