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Abstract

As a crucial component of the electrified railway power supply system, the catenary undertakes the
important task of power transmission. However, the intrusion of bird’s nests may cause faults such
as catenary ground tripping or insulation breakdown, posing risks to train operation safety. Due to
the low efficiency of manual bird’s nest inspection, using visible light panoramic images collected
by the EMU-mounted catenary operation status detection device (3C) and identifying bird’s nests
based on deep learning methods has become a trend in current technological development. Most
training methods of existing deep learning frameworks rely on a large amount of annotated training
data. Nevertheless, the scarcity of bird’s nests in the catenary makes it difficult to collect sufficient
sample data; additionally, bird’s nests are small targets and easily interfered by the background.
Therefore, this paper adopts a cascaded approach to identify bird’s nests. The first-stage detection
network is based on the YOLOv8 algorithm, which realizes the identification of potential bird’s nest
areas (beams, pillars, and poles) and eliminates interference from large areas of irrelevant back-
grounds. The second-stage detection network is based on AcroFOD, a domain-adaptive few-shot ob-
ject detection algorithm. It takes potential areas as input to identify and locate bird’s nests. Through
domain-aware enhancement and directional optimization strategies, the bird’s nest features from
the source domain are transferred to the target domain, achieving a detection rate of 96.9% and a
false alarm rate of 2.4%. Furthermore, according to the geometric features of bird’s nest areas, post-
processing optimization is performed on the algorithm. On the basis of ensuring the same detection
rate, the false alarm rate is reduced to 0.1%, solving the bottleneck in engineering applications. The
method proposed in this paper only requires a very small number of catenary bird’s nest data (6
samples) to achieve effective detection of bird’s nests, providing strong support for the subsequent
removal of catenary bird’s nests.
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Figure 1. Overall flowchart of high-speed rail catenary bird nest detection
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Figure 2. YOLOVS8 object detection network structure diagram
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Figure 3. Differences between mainstream few-shot object detection methods and domain-adaptive few-shot object detection
methods
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Figure 4. AcroFOD algorithm flowchart
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Figure 5. Domain-aware enhanced visualization
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YOLOV8 WM& 7E = Fifabr LIHUS T i mikb g, b mAP Fa b5 ) Faster R-CNN 2%, Precision 847
it Faster R-CNN i1 SSD2%, Hi1# 2 [ WL, YOLOvS8 i3 B At T HA RIS B 5k . mf DLAE X & 83 iR X
BARIR S, YOLOVS W4 R R H AT 58 I i P ft o

98
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Figure 11. Performance comparison of different algorithms

11. FRIFEAMERERTEL

Table 2. Comparison of detection speeds of different algorithms

3 2. PRIEEGMEETEL

B i 1] (ms)
Faster R-CNN 64
SSD 45
YOLOvV3 32
YOLOvV8 30

4.3.2. ¥FTBSETHITEE

N TSGR IE I i D) 7 5% i R T 380 S () /PR AR B RS U DT VR R AT AT AR T R IR AN AR H A
M5, XF 6 FlilH ER L TFA[15]. FSCE[16]« MetaRCNN [17] FSDetView [18]. MPSR [19]f1 VFA
201347 7 B2, i%+#% PASCAL VOC Hd&Ed 15 MNRGINERZERE, 5 MFNERBIZE, 458w 3 i
7N, Hodt Class Splitl R R 5HK M —MUn 77, HiRaHFE Y. A%, Ui BIEEMW K, Shot
TR R B R TR AN N N EC 5 5k, A 3 W] LUEH, FSDetView BIEMITERE M. 441
VZEIENHZ AR SR TSR, LL3C RAHOA REMRFENZH S B4, ERL, THLE, F
WA e WEME NI, SR, BIIS)E RIRBRH T, S MaRas R ar i an &l 12 Fros, w]
PLE M, X T [F—ig 5o 8 J ekl 228, Mok f LS8 AR 2 2026 b, SEBLS g Al ),
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SR ¥ FSDetView Fil AcroFOD W48 7E [A] — WA gt AT, 25 e 13 FizR, AcroFOD J7 vk A
R T FSDetView. 27 LRTIR, XF-FHfl i 25, ASCHT R I3E0E N H bRl 7% AcroFOD %
T FF FRM 7%

<

-——

Figure 12. FSDetView detection results
12. FSDetView #45R

Table 3. Reproduction results of mainstream few-shot object detection algorithms

3. ERNERBEMENEEENER

Class Splitl Mean
Shot Hik

Bird Cus Cow Motorbike Sofa Novel Base
TFA (ICML'2020) 0.244 0309 0244 0.304 0.185 0.257 0.444
FSCE (CVPR'2021) 0.269 0463 0219 0,440 0.254 0.406 0.432
MetaRCNN (ICCV'2019) 0.524  0.638  0.456 0.640 0.341 0.599 0.625
: FSDetView (ECCV'2020) 0.510  0.697  0.547 0.664 0.329 0.625 0.651
MPSR (ECCV'2020) 0.465  0.545 0350 0.591 0.289 0.582 0.626
VFA (AAAT'2023) 0.556  0.676  0.450 0.674 0.379 0.591 0.611
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Figure 13. Comparison of the results of the method in this paper with FSDetView
13. A3 F5345 FSDetView LR FEL
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4.3.3. JHRASCIS

2 RN BEN IR B ARMREEARNEOZE 24 AcroFOD MZEPEREN) — N E S8, 1X B e P [FH =10
PRCFEARHEAT S0, (AR SLIG BB A, AT MBI S 5 5l s SIHE 4. 5. 6. 7. 8 5K
1%, SEESEERWE 4 Fi, UFEAREUN 4 3NE] 6 i, K HFARIREREAE T2 8GE, FRiCHEARRE
IOXF PR RERL B T — e M AER . AFEAREN 6 3B 8 i, At ¥ A2k, (HiRHRE & m i
T4 ERTIA, AEIGE NNREAS H ARSI 4% AcroFOD 2% H, F5 BN RRIC G B AR B RAS I 1 55,
NOKE B SR THRZ B AR IR G L L2 B B hE, & ANIIZRN B Fri S s 5B 6 4.

Table 4. Comparison of results with different target domain data volumes

4. TRIBMEHIEELERIL

H bR A% it 2 R &S
4 87.5% 5.6%
5 90.6% 4.1%
6 96.9% 2.4%
7 96.9% 3.5%
8 96.9% 4.5%

H1_EIRXT AcroFOD P2 Z5 KA AW L, AEREAT U AIE SR IN,  5ET imag-level A S A B
SPECHAITT I, BT box-level A7 ELEEAZHe . IR A AZHAN m g 3 Flr X, AR AL AU R 4 6
SORBERIPERE P2 — RN, ARSON Z AP TT RHEAT S808,  RFFHABSCIR B E [ E AR, HARIIZR
MO8 6, GRS Fron, KIRERY, 2R BG G R P P N, IR I 6.8%, K
AEG RO TR T, BGRES G R W SR SCE AR, HhgHE, &
T BCAN ELAE AR 3 A a7 SRS G, A4S R B ) [ I R AR R R T 2.4%, B 1 iRfiiai iR

Table 5. Multi-layer domain-aware enhancement of different combination types

% 5. RRLAA KBS i BIEE

Image-level Box-level X
‘ = R - AIE S € TS
P HI AL IERP S REZTH e A
v 93.8% 6.8%
v v 87.5% 5.1%
v v 96.9% 4.4%
v v 93.8% 4.9%
AcroFOD
v v 87.5% 5.5%
v v v 96.9% 2.4%
v v 4 96.9% 4.9%
v v v 93.8% 4.6%

4.3.4. BEEENSREERTTEE
FERE A X 1 B A AR IR 55, RS H SRR R R R X Y I B HEAT VP4, A8 3R 4R IE A T
FIREAB S B REAR BB B A, IR IR RS2 TR TR A A 1A B0 S T B B B A, A6 HE SR s 1) [ B %
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T

AR, VTR AT 5. Oy 1 SEAF I AR SCHR Y I ZOBAS N 7 R K PR, e TG BB AT B
AT, IS5 RS ZUPAT N (S RBAT XL, B FEA AN A R ] 14 Fros, B R oy AR
GOk, WUEH, EUETHSEBCESAS Tk, HieA — R HE AL TR X 107, A
55 BRI R], (EAERR DR T RAE — D REHE. R FE NPT RN R, S — %
SIS RS S DU AR IX I, X B R D, S B B R I B . 2 S A B R
PREGVERT, L3 = Z i &% e 5 OCAE IR 0 BB K 38 20 DS I F AR, 500 H AR 12 TOU E TR K T B
BACI T, BMRE, & VREZINFENGERER ViR R . SEREIRIE 6 Pos, ATUEHERE
i AR R, ARSI OB I T AR 0 T B R R B R AT R

ak

Figure 14. Partial sample detection results

14. FOHAREMEER

Table 6. Comparison of two detection methods

6. M RIEE

UioAueES PRHRR
BEEAM 90.6% 3.8%
2Rk 96.9% 2.4%

4.3.5. FIEMKKL

M ERIIGAECH 6, REGBATIK 7720, BRIHPE:, M B g i & 8, A58
BENEIAH] 96.9% A H %, (HIRIREAN R 2.4%, LN LRRAMMH. Kk, N7 DGR
NGO, AL A S5 IR TEARER 5, X REF AT TRE— 500G K5 AR HE 38 K 5 L S W
LSD B2 M R SV I S0 4
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Figure 15. False detection cases with significantly different aspect ratios

15. KELHEERAPIREER

Figure 16. Number of straight line detections in the bird’s nest area

16. BEXEBHELZN M
15 BoR 1 K58 O Z BRI R B 0L, 18] 16 SR 10 & 68 X I B AT I B 2 0,
TIRAEFEVERA S AR, ASCGiit T 48 JIRIRAE B RIR I L, SR 7 B, AR DR kA
FHENS, RARFEHZ AT 2.4%F%3) T 0.1%, ] WAL S SRR R A R AR R R .

Table 7. Comparison of results before and after algorithm optimization

7. BIAMAEIRE R

6 H Rk
etk 96.9% 2.4%
itk 5 96.9% 0.1%

5. &g

ARSTR R e R R X P ) 5 B A IR T — R RIR R R, RS — S TN A T RS E A
Kl x4 YOLOVS, LLELRE BEE A & 83 il RE B, . AP . SOREDCHE,  RIEAE /I B AR R P45
ZOGH, B TR TR R AT, R G I R FR R O I S S AR, R IE MR
A FUARSIN 592 8 USRS A R 1 8 37 5%, b b A AR SR il RE SRS AL =R 5 . 9 iR AcroFOD
FHEAEARY SR IUBYE, H5 AcroFOD 5 E L I/IMEA H AR T % FSDetView #EATXTLE, %7415
BT 96.9% IR FR, Gk EREE, B 1D IR S A T R R A L
B JHE R FREAT AL, FEORFFARIRR AR A ATHR T, IR 2.4% %5 7 0.1%, 3L 1A
SCTTVERATAT P o B A NP S ¥ 3 A7 A S R AR AR D (S 0L, /INREAR 22 ) T AR S5 5 R T A
RCHEAIE B 277 V5 AT R AL 5 190 5 TR I R T s B i 55 b, Db R W R 25 3 Bk b TR ) A
RGP RZ AP ZE I )RR — PR AS, ik P AR T 5%
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