®13% Lo 2 B8 it E M5 M A
Vol.13 No.6

2023 %6 A

Intelligent Computer and Applications Jun. 2023

X EHE . 2095-2163(2023)06-0067-05 FESZES . TP391.4 XEkFRER: A

EF YOLOvSs HBHE N £ B R ER{GRMNEEZH R

Eihig, iz |, iTE, 23, FHE, Bk, KEeE, LK
(EXREIXRZE EXTAAERSLBRNESKLEE, EKX 400054)

& O BMENBAET S E @S AR A EE R A, Hvh B | A 22 0 R P o T TR AR A, A B ] G e A
e th 22 Wi BCAEAE 1L, fi o AN BT Ab 38 S35 5 5 | i 45 A0 N LA T MU P2 30k i 22 sl . A 2z gi kil ik, an B
WL RRERNIA 2 2 2 RIS RIR SR R, S ORI 45 SRR TR 2 o R 48 B AN TR REST 1 ( YOLOVSs) i#E 174K 22
SRFREHGRIN 158 B T 5K 22 28 3 18 B 45 BOHE 4R LRI B 9 BOHE ZE U1 2R YOLOvSs W 45 455 80 5 1) I 25 41 1
YOLOVSs 45 S I [F] 0 28 59 22 28 RUG I REAIE 5 S0 Ja SEBUAR 22 2 R I L0 A0, SC 3025 SRR B, 2L T YOLOvSs M 45 194K 22
S FE TR A A DU 2 B R kA TS R PR B SR B T 6.7 FPS, M BE A B T 95.3% , s dh
I T RN HR AL T S SR , A7 B0 0 SE B i S

K4#A . YOLOVSs; HBhZE 4 fide i

Research on detection algorithm of elevator wire rope surface defects
based on YOLOvSs

CAI Linfeng, TANG Bin, YANG Ninghui, XU Yifei, LEI Siyue, HE Yulong, ZHANG Jinfu, LONG Zourong

(Chongqing Key Laboratory of Fiber Optic Sensor and Photodetector, Chongqing University of Technology,
Chongging 400054, China)

[Abstract] As an essential and important equipment in modern urban high — rise buildings, elevators have brought great
convenience to people’s daily life. The traction wire rope is the most important part of the elevator, and the wire will be broken
during long—term use. If not dealt with in time, it will easily lead to various safety accidents involving casualties and property losses.
Existed wire rope detection methods, such as visual inspection methods and electromagnetic detection methods, are easily affected
by the external environment, resulting in insufficient stability of the detected results. This paper proposes to use the artificial
intelligence algorithm YOLOvV5s to detect wire rope surface damage. First, a data set of wire rope surface damage is made.
Secondly, the YOLOvVSs network model is trained with the self—-made data set, and then the trained YOLOVSs network is used to
extract the characteristics of different types of wire rope images. The experimental results show that the wire rope surface damage
detection model based on the YOLOvVSs network has high detection accuracy, good robustness and fast calculation speed. It can
provide an effective reference for the early warning and alarm of elevator accidents, and has strong practical significance. The
average detection speed reached 6.7 FPS, and the test accuracy reached 95.3%.
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Fig. 1 YOLOV5s network model
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Tab. 1 Experimental operating environment configuration
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Fig. 6 Field test samples
ARICKRH GIOU 5 F1 Average Precision (AP)
VESEAE BB A PR 4545, YOLOVS fi ] GIOULoss
YER Bounding Box [$51 2%, Box A GIOU 5 2k pR&I 1)
(6L, D7 HE U NG TS I RCR Bt . BARTT (1) .
| C -B U B*|

GIOU =1 = 10U === == (1)

Horp, ¢ W AKER /NN EFEIE, N
Groundtruth ; B NI FHHE ; B U B oo A1 AHE Y
IR, 7 2 YOLOVS Y2kt GIOU BEIZRR A
PRGER

Box

epoch

(a) 4 GIOU 1%

val Box

50 100 150 200 250 300

epoch
(b) R4 GIIOUi‘jFJE
B 7 GIOU Hik&RE
Fig. 7 Loss curve of GIOU
ARSCREL TOU BIE M 0.5 15 24 precision—
recall (PR) curves [J3&UE, P — R £k nE 8 Fizs,

PR 25 4 bR Bl R T AR 7R AP {E R/ AP (BB
R 7 1L KGR oy, 1 BB B, 115 A A =X
(2):
1< TP
AP =2 g v )
Hrp ) TP FR ¥ IEWR TN A E 8 2 5%k, FP
FORBE TN Ry IERR S B, AR SCIEER 0.5 fF
HFFER) 10U R, G HIAHER 10U = 0.5, Wk
Al LAIE AR RS D B4 405 A8 2% b R w] RLAR A
Precision Recall W{E, FH , Precision FRAE
HORAY L b IEREAS BT 5 1 HER Recall 7 IEAE
APLIAI A SR R o A AR B i HeR
KIS, AN XK Precision( P) Recall(R) 3 TEAL
B4 th i 05 5, 4% TP 48 B i 3 5 2 AU =
(3).3(4):
TP

precision = ————— (3)

TP + FP



%o ERRIG | 45 . FET YOLOvSs A4 FEL AR 22 28 3 1 45 45 R i BB Al o 71
TP (2] B0, TR S ) R A AR 0 B AR5 [ D]
recall = P 1 FN (4) WHT . WTIT 2 2019,

Precision

Recall
B8 P-RH%Z
Fig. 8 P-R curves

M 8 ) PR I mT LI i, Ir H YOLOvSs ¥
LRI ZE R A IR SE 2 Jm X U Rb Y
RERIHEA T, - 4 I 2 B TR 21 T 6.7 FPS, L)
R ER R T 95.3%,

3 &RiE

LE BRI, O T S A 22 208 2 T3 ARG )
B PR SR I HAE S 2% ARSI T A A N T i
ke $EH T —FP ST YOLOvSs 45 (159 22 48 % 1
BRI . SCIRAE R R FIH YOLOvSs /45
XA 22 20 T 1 R AT A B9 D7 ik A R e AR
BERE PR, BB A v S Y U AR SR AT S 2=
A A BRI SE PR S RS2 B ) DL K BR
BErI BRI RIE VIR —E R BRYE , H AT
FUBTESCRR IR 1 ad i 1 560k, 5 0 208 58 3% Ja 1Y
SR B = M 55 i v, LA RGN B 222 268 3% v 44
A3 04 DX 22 B A8 S | o 9 22 208 2 T4 40 190 £ B
FTSEImyRAE  SRIGHE5 BAL 2 w145 732 4
DiRE RE VAl AL B AT A0 25 SRR o] 21 46 0] v HEA T
TR AW UL, R

[1] ZHANG Yongjun, WANG Ziliang. Surface flaw detection of
industrial products based on convolutional neural network [ J].
IOP Conference Series: Earth and Environmental Science, 2019,
252(2).022114.

[3] BRsg, skus ), s, JETIRBEE ) SR i IR R LR AT AR b 3
TAHBEAS I [ )] . JARBILAN, 2020,48(8) :47-52,77.

(4] Veik. FETHREL T/ B bR 2R 1o SROBEAS U 2R SR BT 5T 5 55 B
[D]. dbat: JEatiRH R ,2020.

[5] 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. 2016 779-788.

[6] YUN S, HAN D, OH S J, et al.Cutmix: Regularization strategy
to train strong classifiers with localizable features [ C ]//
Proceedings of the IEEE/CVF International Conference on
Computer Vision. 2019. 6023-6032.

[7] BOCHKOVSKIY A, WANG C Y, LIAO H Y M. YOLOv4.
Optimal speed and accuracy of object detection[ J]. arXiv Preprint
arXiv: 2004.10934,2020.

[8] WU D,LV S, JIANG M, et al. Using channel pruning —based
YOLO v4 deep learning algorithm for the real-time and accurate
detection of apple flowers in natural environments[ J]. Computers
and Electionics in Agriculture, 2020,178(5) ;174-178.

[9] REDMON J, FARHADI A. YOLOV3; An Incremental improvement
[J].arXiv e—prints, 2018,87(8) :101-104.

[10]XUZF, JIARS, SUN H M, et al. Light—-YOLOv3; fast method
for detecting green mangoes in complex scenes using picking
robots[ J]. Applied Intelligence, 2020,50;4670-4680.

[11]TIANCHI J, LI Qiang, MAOSONG L, et al. Target detection
method combining inverted residual block and YOLOv3 [ J ].
Transducer and Microsystem Technologies, 2019,36 (11) 56—
61.

[12]PANG L, LIU H, CHEN Y, et al. Real-time concealed object
detection from passive millimeter wave images based on the
YOLOV3 algorithm[ J]. Sensors ( Basel, Switzerland) , 2020,20
(6) :44-50.

[13]TRINH H C, LE D H, KWON Y K. PANET: a GPU-based tool
for fast parallel analysis of robustness dynamics and feed —
forward/feedback loop structures in large — scale biological
networks[ J].PloS one, 2014, 9(7) : €103010.

[14] REZATOFIGHI H, TSOI N, GWAK J Y, et al. Generalized
intersection over union: A metric and a loss for bounding box
regression [ C ]//Proceedings of the IEEE/CVF Conference On
Computer Vision and Pattern Recognition. 2019; 658-666.



