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Conveyor belt damage detection method based on improved YOLOv4

ZHOU Yujie, XU Shanyong, HUANG Yourui, TANG Chaoli
(School of Electrical and Information Engineering, Anhui University of Science and Technology,
Huainan 232001, China)

Abstract:In order to solve the problems of low detection precision, slow detection speed and lack of
damage detection for small areas in existing conveyor belt damage detection methods, a conveyor belt
damage detection method based on improved YOLOv4 is proposed. Based on YOLOv4, this method
improves the PANet path fusion network part, increases the fusion with the shallow characteristic layer,
increases the fusion of the original 3 scales of the characteristic layer to 4 scales, improves the
characteristic extraction capability of the model for conveyor belt damage, and improves detection
precision. The number of convolutions after fusion of each characteristic layer in the PANet part is reduced
from 5 to 3 so as to reduce the amount of calculation and improve the detection speed. The conveyor belt
damage images are labeled and input into the improved YOLOv4 model for training and testing. The
experimental results show that the conveyor belt damage detection method based on improved YOLOv4 has
a fast loss convergence speed and has a good model training effect. Based on improved YOLOv4 conveyor

belt damage detection method, the average precision of the conveyor belt tear, surface wear and surface
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defect detection has reached 96.86%, and the detection speed has reached 20.66 frames/s. Compared with
YOLOv4, YOLOv3 and Faster—RCNN, the average precision has increased by 1.4%, 6.35% and 2.16 %
respectively, and the detection speed has increased by 2. 39, 2. 34 and 15. 25 frames/s respectively.

Compared with YOLOv4, the conveyor belt damage detection method based on improved YOLOv4 has

higher detection precision and better detection effect for small areas damages.

Key words: belt conveyor; conveyor belt damage detection; YOLOv4; deep learning; PANet;

characteristic layer fusion

0 35

i

WA R LR R B s e iE
Wi B CEEMMERY . WAL R Kk
B B A K I ()08 % (RR 2252 ) Koz i kL ok A
SBBIEY RS Y, B8R R BT RS
PRI X6 i 326 7 45 403 1A A PR o A ) ARG - T

A% ¢ K 326 4l 50 0 A ) 7 ek 0 DAy 42 sl RS U0 2k A
A i 2GR T AL 9 AR T A
T URR ARG I T 7 AR T A A i A 0
AT SRR 22 R IDRG B AP AR s S A 0 25 2R % AT
Ao A2 ik SR T 3 A 4 P A R A T 2 L X Ol
PRASEIN 32 L AL #4540 o A 00 2 4, JHG v L 2 B0 5 A )
P o L O oRTIIE ol =1 = R Sl = ) B R - R T
PTG R Ao SCHR L9 14 i ik 7 IR 32 BT M5 B 4 Al
— [ 43 A ZRAG 4 RLRRAE oK R 24 0 SRR R A
(B R T B 1Y B I 22 7 AR 4 L 5 2 2 7 2l b
FEAEAE AN B S 5], 2 1 B0 s O A ) AT, S B0 DNH
BEREAG . SCHR[10 142 H—Fp gt SSR (Single Scale
Retinex, 8 N Retinex) 83 0% %y 125 7 9\ m) 4 2446
D53 38 4 % >R 42 R AT SSR A6 A 3L, 44 B
TR P B AR Y B SRR AR IR 1 = Y B,
Xof L 18 20 ) DRI i % el o 7 47 2 (EL TR A i 06 4
PGS AT KN — 32 7 e L X 45 Bk 5 2441
() FE A A 4 25 B 38 iR A . SR 1L ) H S 45 )
AL kAl LD B AT o0 F) AR W A R R
SRR W A 3 4 S O (RO R B R O
(E g i A I EAWNESRE SR By & S (A RlllE i
B SCHRE12 D38 3 = B 8 % 720 % K i A 4 R 48
S SR U 2 B B RRAE PO SRR AE 2R AT A 4y
BT o T 2 A5 A7 47 24 B 207 TR BBURRAIE 53X — 20 %
G SO € Rl ET i S TR 7 K iR
I 7 A N 3 A L A K TG L Bk 2D 0k T AR A/
47 1 A 0

BEXS b o m) G, A SCHR T — A R T
YOLOvA il dy 325 45 35305 16 0 07 o 1% 07 i L
YOLOv4 2y Jfilf, X PANet B A2 @l 6 1 28 35 53 i3
ATt 3N 5 R 2 AR J2 B Rl A . T B8 v A5 TR X T

FREG/NGAT B AL 52 BUCRE 7+ IF i A 50 2 il & )5
F% 2 AR YRR il T 5 S B0 i ok Al 40 2R L SR T
VB A0 R T SR 3 i 8 A 114 R L B AGL T

1 i YOLOv4 #EEY

1.1 YOLOv4 A% 2 4
YOLOv4 #E1S5 44 & 53 I -+ M 4%, Neck
JZ BB 3 A5 e 1 B

' '
1 CSPDarknet53
'

Inputs(416,416,3)

|
I
[ DarknetConv2D_BN_Mish(416,416,32)] 1
|

I
I

il Resblock_body(208,208,64)x1

|

P2 [Resblock_body(104,104,128)<2
|

PANet

'
| 1 Conv
1 P3 Resblock_body(52,52,256)x8 Concat+Convx5(N2. Yolo Head
! [ _body(. 78 F—t+—{ Coneat-Con<5) [olo Head]
i L Conv [Convit [ D i
! P4 [ Resblock body(26,26,512)<8 |————is{ Concat=Convx5(NI) |—{_Concat+Convxs | H{ Yolo Head |
| ' o ;

'

Conv+ [ Downsampling

I
\ PS Resblock_body(13,13,1 024)x4

Yolo Head

K1 YOLOv4 #5545 4y
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YOLOv4 ) F T M 2% & i CSPDarknet53,
CSPDarknet53 % i A K& (Rl 416 X 416) 747
5 YN RAE AW B ICH AR 09 RRE AR B B A TRTR
F 5 A RBEEZ W s/ 1Y R A2 P1—P5,5 D HREJZ
JEE /5] 208 X 208,104 X 104,52 X 52,26 X 26,
13X13, YOLOv4 £ M 45 fd Ji Mish 815 ok 50
PRI G 72 9 52 Ao 11 1 AR 23R

Neck JZ4b T 3= 1 W 45 A f0 i )2 b &), i SPP
(Spatial Pyramid Pooling, 25 [f] 4> 52 35 jih 4k )05 #
HUF PANet 4 i, o — R AE S AR 254 . T
250 JE AT 3 B RS AR SPP B B i A
SPP e 12 i A AT S 8] RUBE (% fe 2Kt 1 A il
BEAE i Z B AE G T Y KK Z 8. PANet &
PEAR I A M 4%, SPP (1% i #E A PANet J5 #47 2 IR
LR HIS PA R P3 R SEATRLG IR 5 B
AL EIRRE 2 NL i N2, N2 2 Hd#E T 2 KF
KFES 25 N1 2 M SPP Y fir th 3F 17 @l A I 8
SIEBHIBH.

o) 2 2 fe 2 1Y K I 7 43 . PANet il i 3 4



2021 F % 11 #

Bl F A A F i YOLOvVA 69 #r it i 3545 el 5 % ¢ 63 .

ANTF ROBE R AE J2 Rl PR AT B B 3 15 81 3 A
AR E ) Yolo Head, R K /N5 Ky 52 X 52,
26X 26,13 X 13, KA [6] K /N H br . &4 Yolo
Head #0432 & 3 AN B 50 HE , 10000 )2 15 e XF PANet 4
A 3 AN REAE)Z HE AT W0, SR JE X A A 9 A B Ifl
1) HARE B HEAT 20 87 B Ja R AR A A )y 125
I 5] e 5 55 A R ) o A 5 T LA
1.2 ML A&

YOLOv4 H br ks i (4 45 2 ok %% L Hy 70000 AE [1]
VA5 BRE L crou 53 25908 2% pRUEIC Lo B8 A B 40 R
PRI Leow3 MHE A0 2 AL

L = Laou + Leowt + Las (1
2
LCI()U =1— I(AaB) + (A;;;Z’BM) +av (2)
y

= 3
T 1—1A.B) [+ R

4 w® w )’
y = ?(arctanﬁ—arctanz) 4)

s E
L= 22T ClnC+ (1= ChHln(1— € | +
=0 j=0

s E
An(mb] E Z TE’OOM [C{ lan—f—

i=0 j=0

(1—Cf>1n<1—cz‘>} (5)

SZ
Loo= >, TP > {pl(o)In pl o)+

i=0 cEk
[1—pi(c)]In[1—pl ()]} (6)
X T(AB) B HAE B FIESCHE A (58I 1
0" (A s Boo) R T HE A0y 45 B, F1ELSEHE 0 45,
A, IR ECRE B 5 m Sy [R) B A2 3 100 00 AE B S HE (1)
e /N P X X A AR s o AL iR ERG Y AR
S AR BE i R B L R ) ) D L S HE Y S A
5wy h 43 Bk B %) 58 R S S AR SIG E R
BEA A T SR SR REAN B TP R 58 7 AN As L™
AW AEMENEE BiR, i€ [0,5 ],/ €
[O,E]; Ty R8s i AWM L= A mes j A HE
IS B H r s Cl ol BLSE B A5 B C S B0 15 B
Auoori 0 F AT W 8 B9 115 R B £ O H bR o> 2K 8G
PO NMEN HARE T3 — 5 ¢ 1Y & LR,
PO RHEN HARIE T 5 —200 ¢ i TiaEE,
1.3 YOLOv4 £ gt
i AR Z2 05 50 5 X0 S R R B
i HAEFEVF 2 8 /MR85, YOLOv4 155 2 17 75 i
IR R oA TR AL - (A | P ¢ 2
YOLOv4 PANet #8431 3 A~ JUEERRAE 2 fil A (1 5
filh I 52 RRE 2 AT Rl A o 48 R a3k B
RS2 HURE 7, [5) B 9 2 R AE 2 Rl 5 A 6 BRI SR,

IR R . MG S R PANet S5 Qn1El 2 s
PANet

P2

|Conv+Upsampling | [ Downsampling |
——>| Concat+Convx3(N2) |—>| Concat+Convx3(N4) |—
[Conv+Upsampling | [ Downsampling |
———l Concat+Convx3(N1) I——[ Concat+Convx3
[Conv+Upsampling | [ Downsampling |

[ Concat+Conv3 —-
K 2 ot )5 i PANet 454
Fig. 2 Structure of improved PANet

FRAEJE N2 gk2L FoRAE AR F1E T Z Y P2
EHATEG IR 3 B Rz B BB RE RN R
104X 104 AU HFAE 2 N3, N3 Z AT T R L. A
N2 Zal &I 3 M E, 88 R ER/NR
52X 52 HERAE)E N4, N4 5 AR ek gk YOLOv4
i) — Yolo Head. ¥ PANet #4 5 > FR1FE 2 @l
HIEM 5 WS B A 3] 3 K, 8B R KN 5
Hh1X1,3%X3,1X1,

2 BRI

2.1 ZBREERE

AR 5 4 Windows 10 #:4F & 48, CPU
& Intel 17 — 10870H, & ¥ & Nvidia Geforce
RTX2060,% JH Tensorflow R = HEZS

S R R R IR T B 04 A A kA
TP 5 RN R T G B 3 b UL R s AR . i TR
it 5 v R /NS — 76 I i 2o (B4 Ak B A
W EGRBIT AL 416 X416 95— K/, B T H#Em
RUIZ AGRE 7, 3 ) 25 o 100G 3 o TE e L BT X L
JEE VRIS 5 A A5 TR Ak B T vk ) B AR AT %
P om0 ALY R E e R KR
3132 3k, YNZREMMIXESL LLH] 8 = 2 FEATRI >,
K JH Labellmg 44 % 145 v i 2 47 52 4 & 62 47
P o g Hi 32 ol 0 0 28 Y R A bR A B AR A7 3] xml L
fhrb . Z )i o AR P AR K xml SO AR txe SC
A 2SO T 25 B AL I 2k

AN ZRRAURECN 50,27 ] % 0. 005, 4L R
s}oh 16,
2.2 P IEAR

SR FH ARG T RS 2 R0 ARG 00 S R R A ek AR AR AG: U P
AE. KRS RS AR FE RS i 3 POE MR R Bk
JE Py KX BE YA Poa s B RDRG I0 5K BE $5 bR R
FHMUE . fres o



. 64 - T8tk %47 %
p— Np 20.66 Wi/s; 5 YOLOv4, YOLOv3 #HiI Faster —
B N +N (7) =} H, 0

TP FP RCNN A B, - 25085 B 5 4 B4 7+ 17 1.4%,
R—_ Nw 6.35% 2. 16 %0 , K 1 3 B 43 9 $2 T+ 1 2. 39, 2. 34,
Nw + N ®
1“’ o 15. 25 i/s.
P, = LP(R)dR 9 3 Ak B R R I 5 R an &1 4 B .
L 07 224 R 9 S ARG DU b, 2l iE YOLOvA A5 19 ¥ 15
Pon = - 2P CLOY g g 5 e WY Y 2 T 8 5 £ 2% 1 B A0 o
LN iy YOLOWEAS LR 2 YOLOV R4
FPS —

t
s Nop Sy 1 B T A9 1E A A S 2805 New Ry 5 1%
) TEAE AR A B N O i 0% 00 19 600 B A A 205
n R RN B H ARG P 55 @ A HAR I Y
SERIREBE 3 N O 1 A 0 PRS0 5 ¢ A A 0 B 1]

3 XWERESM

iad 50 Yk ANk BRI Zh 4 SR P 3 P
N A AERT 10 YK AQ B KRR R 10 1R
AR T B BE AR 2% L fE 40 Wk AUUR 222 bl T
2% IR TF G YOLOvA (1 % 3% 15 3 43 K
TEAR R W S5 B PR B N R R

20.0
17.5

1 1
0 10 20 30 40 50

AR H
P 3 R ARUBCRI K YOG 2R h £k
Fig. 3 Relation curve between iteration numbers and loss

NTEAE B YOLOv4 py G s o, % B 5
YOLOv4,YOLOv3 B Faster— RCNN  H #7 & ]
RUBEATXF L 4R R 1.

F 1Bt YOLOv4 55 Al H AR 6 10 A58 2
PERE LA 4G
Table 1 Performance comparison results of improved

YOLOv4 and other target detection models

Pa/% Pua/  fres/
Wis W RmEE 0 WD

I o A 00 A5 A

Faster—-RCNN 91.80  96.85 95.46  94.70 5.41
YOLOv3 87.34 91.10 93.11 90.51 18.32
YOLOv4 94.10 95.48 96.79 95.46  18.27

it YOLOv4 97.10  96.93 96.54 96.86  20.66

W 1T T EGE YOLOVA (% 2% 4
e 4 05 2 TS TG
WG 34 R RE H 3K 96,860, K W BE B 3k

WA 3 Kb 22 1 BB ek YOLOvA X i B A% /N5 43
SR ORIIEYE i s

(a) Pk YOLOv4 47 245 I (b) YOLOv4 $f 24 I

(o) Bt YOLOv4 3 T & 5 4G

(d) YOLOv4 3 T & 5 A5 )

(e) Bt YOLOv4 RGBT (D YOLOv4 2 1 ik ke
Bl 4 3 b i A 453 40 G 0 4 2R

Fig. 4 Detection results of 3 conveyor belts
4 it

(1) T o YOLOvA B % 326 45 305 16 I )7
A0 R WSSO FE R R ALY R ROR

(2) FF ok ik YOLOvA 19 55 26 45 450405 K I )y
TR A 3% R S L 3 T S LRI % T R o A DU 1) - 1y
K B 4 (E 5 96. 86 %0, K I 34 & 35 20. 66 Wi/s; 5
YOLOv4,YOLOv3 Fl Faster—RCNN 4 H. , % i 1%
BT 4 R TRT S AR 2% T R B 3 R 45 A I 1) o 2
WS MR T 1.4%,6.35%,2. 16 % , K )
WA AR TE T 2.39,2. 34,15, 25 /s,



2021 F % 11 #

Bl F A A F i YOLOvVA 69 #r it i 3545 el 5 % ¢ 65 o

(3) 5 YOLOv4 # I, £ F ek i#F YOLOv4 1%

TR 0 G 0 75k A T A R g L X T AR /N 48 4
IO RIS € 3 1 SO

% % 3Lk (References) :

[1]

[2]

[3]

[4]

[6]

L7]

KA. 0 A IR LR S RE R AT ST . Bl
WA BT % ,2021,36(10) :125-126.

ZHANG Chunsheng. Structure and performance of
mining belt conveyor drum in use [ J]. Mechanical
Management and Development, 2021, 36 (10 ).
125-126.

SRA SR L, BRI L B T IR AR ) M ] ik
Rk LD, T A 4k, 2021, 47 (6)
51-56.

ZHANG Mengchao,

ZHOU Manshan, ZHANG

Yuan, et al. Damage detection method for mine
conveyor belt based on deep learning[ J]. Industry and
Mine Automation,2021,47(6):51-56.

EiE T N SAR I N S Y SRS N K RS
HLARBE SR 9 ik 0], T B 34k, 2021, 47(6)
57-62.

HU Jinghao, GAO Yan, ZHANG Hongjuan, et al.
Research on the identification method of non-coal
foreign object of belt conveyor based on deep learning
[J7]. Industry and Mine Automation, 2021, 47 (6):
57-62.

ALVIARI L P, ANGGAMAWARTI
SANJIWANI Y, et al

M F,
Classification of impact
damage on a rubber-textile conveyor belt; a review
[J]. International Journal of Mechanical Engineering
Technologies and Applications, 2020, 1(1); 21-27.
LA LT A ARG D0 114 B iy 0 1] 7 A ) OC B B R
WF5E[D]. 81l 3T TR KA, 2020.

WANG Yina. Research on key technology of belt
longitudinal tear detection based on visual inspection
[D]. Anshan: University of Science and Technology
Liaoning,2020.

ST TAL A L BE 4 3 BT A 6 AL B B A
BWIFE D] #H - o = Ak K%, 2020,

WU Wenze. Research on fault diagnosis of conveyor
belt wear in coal preparation plant based on machine
vision[ DJ]. Xuzhou: China University of Mining and
Technology,2020.

YANG Yanli, MIAO Changyun, LI Xianguo, et al.
On-line conveyor belts inspection based on machine

vision[ J]. Optik-International Journal for Light and

£8]

(10]

[11]

[12]

[13]

[14]

[1

]

Electron Optics,2014,125(19) :5803-5807.

AR XN L TR, S5 BT 208 LM Oty X
AL W 2RI [T ], T A g k. 2021, 47 (7)
37-44.

XU Hui, LIU Lijing, SHEN Ke, et al. Longitudinal
tear detection of belt conveyor based on multi linear
lasers [ ] . and Mine
2021,47(7) .37-44.

YANG Yanli,ZHAO Yanfei, MIAO Changyun,et al.

Industry Automation,

On-line longitudinal rip detection of conveyor belts
based on machine vision [ C]//IEEE International
Conference on Signal and Image Processing (ICSIP),
Beijing»2016:315-318.

LI Jie. MIAO Changyun. The conveyor belt
longitudinal tear on-line detection based on improved
SSR algorithm [ J ]. Optik-International Journal for
Light and Electron Optics,2016,127(19):8002-8010.
AR5 I o TR R AT . T SR ) et AL 2 A1 R A 0
er i N N - 1 s 2 S I PR DA = B
2014,40(5) :30-33.

ZHAO Bilong, QIAO Tiezhu. Detection method of
belt longitudinal tear based on support vector machine
and infrared image segmentation [ J]. Industry and
Mine Automation,2014,40(5) :30-33.

4, T A HE R, T LabVIEW HI CCD A #L
R TR-SE NI TR Rl g S AN a1
2013,34(2) :148-150.

NIU Ben, QIAO Tiezhu, TANG Yantong. Detection
system design for longitudinal tear of conveyor belt
based on LabVIEW and CCD camera[ ] ]. Coal Mine
Machinery,2013,34(2) :148-150.

CHEN Xiaojiao, AN Zhenyu, HUANG Liansheng,
et al. Surface defect detection of electric power
equipment in substation based on improved YOLOV4
algorithm [ C ]//International Conference on Power
and Energy Systems (ICPES), Chengdu, 2020:
256-261.

REDMON J,DIVVALA S, GIRSHICK R, et al. You
only look once: unified, real-ttime object detection
[C]// IEEE Conference on Computer Vision and
Pattern Recognition, Las Vegas,2016.:779-788.

HE Kaiming,ZHANG Xiangyu, REN Shaoqing, et al.

Spatial pyramid pooling in deep convolutional
networks for visual recognition [ J ]. IEEE
Transactions on Pattern Analysis &  Machine

Intelligence,2015,37(9) :1904-1916.



