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Abstract: Access to the bird nest is a serious threat to the safe and stable operation of overhead catenary system.
An improved YOLOv3 algorithm was proposed to detect and identify the adverse effects of bird nests on railway
operation. Firstly, the bird nest image of overhead catenary system is preprocessed in the early stage. The de-
noising and other operations can enhance the extraction of the essential features of the bird nest, and the data
enhancement can avoid the over—fitting phenomenon of the neural network to a certain extent. The spatial pyra-
mid pooling module is added into the network structure, and the feature map is pooled at different scales and
then stitched together to get the output of fixed size, and the multi—scale features of the nest are extracted. Fi-
nally, the GloU, which measures the distance between the prediction box and the real box, is used as the bound-

ing box loss function, and the model optimizes the loss and the overlap degree between the real box and the pre-
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diction box. The experimental results show that the average accuracy of this method in the overhead contact net

nest detection reaches 95.1%, which has a high detection accuracy in the overhead contact net nest detection

field, and can better identify and detect the nest under the complex overhead contact net background.
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Fig.2 Basic structure of convolutional neural network
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Tab.1 Experimental environment configuration

Name Type
System Winl0
Language Python3.7.6
CPU Intel (R)Xeon(R)W-2123CPU
GPU Nvidia Quadro P4000
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Hand disk 256 GB
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Fig.9 The convolutional layer outputs the characteristic graph

5 4hi

c‘?>

1% 3L T Pytorch -5 18 FH DA BB 25 9 28 Sy
SRl B R B 2 SRR i R A A I 1 S MR R AT
*J{IJIIJ‘:J‘ \jJIJ

2% B S T A

2) K =3 8] 7 B i Ak - At B TR BEE o ) R
h5 A RAR R xS B 2 ROE RS B [R5
AT Z S AR ik s B, ST REMIE B
P VE A ELSCAE 5 00 A B B 4 7 95 AR D A Ok e

<« Aa 2% ]
1) %Wﬂ%%@ﬁlnd ca C%%IL ()Ulndlf%‘"{Fg(, IOHIL glb %]]H]Il OUSC /Z%ib:ll:l,‘f’f\] l{gi;g?‘\e %Iﬂg[p ;?\{{\\ﬂ{:nl\l.

Toft B 75 % T‘%%EH‘TB’JT‘% 56 th 5 5L b 5 B0
SR AR o S AR AR — R L T AN

AHAAE TE AL B I 5L E B A AR PR R A
it



80 Rl

e o

% o R 2021 4

3) SIS AT R L %07 IR
SRS RE S v A B v AR R BE TR R R B i

P05 55t T Al 10 TR ARG I 5 B X 4 fk 9 5 7 4 Ak
HAEEE X
5% H
[1] 350t U 3. 425 L 2 15 T 9 R 1

JE[J]. w5 R ,2011,47(2) :61-67.

WANG S H,YE Z Q. Analysis of bird damage accidents on
overhead transmission lines and prevention techniques|J].
High Voltage Apparatus,2011,47(2):61-67.

(2] SRARZE s, XU R NI, A5 B 00 23 M AIE I 8 69 e
B AT fu P (g AR S TPAR (D], ki 2% 412 ,2020,42(5) :58-65.
ZHANG D L,HAN 7Z W,LIU Z G,et al.
health status of high—speed railway catenary based on set—

Assessment of

pair analysis and evidence theory[J]. Journal of the China
Railway Society,2020,42(5) :58-65.
(3] AR BRI 2. BT DSSD 114 fnk 199 £ 5 5 531z 00 A 5 [J].
AEIR A K54 ,2019,36(6) : 70-78.
ZHOU J,CHEN ] Y. Research on recognition and detection
of catenary bird’s nest based on DSSDI[J]. Journal of East
China Jiaotong University,2019,36(6):70-78.

[4] BLIREL, W2 DL, R T AR NS L A 728 P A 432 fi 10 1 B3}
R [J]. BB Rl 5 TR 23,2018 (4) - 1043-1049.
ZHU Z M,XIE L K. Detection of birds” nest in catenary
based on relative position invariance[J]. Journal of Railway
Science and Engineering,2018(4) :1043-1049.

(5] BeWERE , FEMG , & 06 A7, 4F . BEF OCHE X S HOG H#AiE Y 2
6 2 fih 1) % SRS (). v [ K #,2015(8) . 73-77.

DUAN W W,TANG P,JIN W D,et al. Nest detection of
railway catenary based on HOG feature in key areas[J]. Chi
nese Railways,2015(8):73-77.

(6] S HE 2R, Al , S . UK 53] g A= 0T 7t 190 46 K HCTE 42 fih
P 5 B AG I 55 2 Wi B 2 2T ep i D] o AR (fF B
2%),2018,48(7) :888-902.

JIN W D,YANG P,TANG P. Double discriminator generative

2Fi]

adversarial networks and their application in detecting nets
built in catenary and semisupervized learning[J]. Scientia
Sinica (Informationis) ,2018,48(7) :888-902.

(7] % i s v B0 1 2 €0 PRSI B2 AL B AT 52 (D). AU
WL LR K% ,2014.
LUO T T. Research on two improved decolorization algor

ithms[D]. Hang zhou:Zhejiang Gongshang University,2014.

[8] S (AR OBRAEAT FrC B o A SR L A K BdBronic Publighy é}ﬁtilo[&‘im'T%H [Bekdsgeserved.

PN I7 (D). S62 =4 ,2019,39(12) :97-107.
MA Q,ZHU B,CHENG Z D, et al. Detection and recognition

method of fast low—altitude unmanned aerial vehicle based on
dual channel[J]. Acta Optica Sinica,2019,39(12):97-107.

[9] BaRRAAR , 2 it i, LA 45 2Ot YOLOV3 35k K H7E
AN BRRRIN A A [T, D644 41 ,2019,39(7) « 245-252.
JUM R,LUO H B,WANG Z B,et al. Improved YOLOv3
algorithm and Its application in small target detection[J].
Acta Optica Sinica,2019,39(7) :245-252.

[10] REN S Q,HE K M,GIRSHICK R,et al. FasterR-CNN:
towards real —time object detection with region proposal
networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence,2017,39(6):1137-1149.

[11] LIU W,ANGUELOV D,ERHAN D, et al. SSD:Single Shot
MultiBox Detector[C]//European Conference on Computer
Vision. Springer, Cham,2016.

[12] REDMON J,DIVVALA S,GIRSHICK R,et al. You only
look once:Unified,real-time object detection|C}//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Las Vegas,NV,USA ,2016.

[13] LIN T Y,GOYAL P,GIRSHICK R, et al. Focal loss for dense
object detection[]]. IEEE Transactions on Pattern Analysis
& Machine Intelligence,2017(99) :2999-3007.

[14] JOSE M P,ERNESTO M,GERMAN O,et al. Freezing
front velocity estimation using image processing techniques
[J]. Measurement, 2020, 151.107085.

[15] T fd , X F , £ & LT/ LM FA-SVM iy
K42 B ]. AN RAIT,2020,51(9) :67-72.

JIN J,LIU Y,WANG Q H,et al. Mid-long term runoff
forecasting based on wavelet de-noising and FA-SVM[J].
Yangtze River,2020,51(9):67-72.

[16] & R, L. SCIE/NBARRE T 0 TR KT R 1
TR HHSEHLECR 5 &, 2017,27(11) : 150-153.
LEI F,ZHU L,WANG X L. Application of Improved com-
promise soft—hard threshold algorithm in underwater image
denoising]J]. Computer Technology and Development,2017,
27(11):150-153.

[17] PMBERIL, 5L TG | BRSO3 . PR 38 5 19 A8 IR L 2 ) R

P 37 5 R T AT P ST (D). H A B2, 2020, 36
(S1):172-179.
SUN X K,NI Q Y,CHEN W Q. Feasibility study of image
enhancement method in deep learning image recognition
scene application[]J]. Telecommunications Science,2020,36
(S1):172-179.

[18] REDMON J,FARHADI A. YOLO9000: Better faster stron
ger[J]. IEEE Conference on Computer Vision & Pattern

TALG I £ 45

http://www.cnki.



