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Belt Defect Detection Based on Deep Learning Methods
ZHONG Xin, PENG Li

(Engineering Research Center of Internet of Things Technology Applications,
214122, China)

Abstract: To address limited pixels, relatively weak features, and uneven distribution of defects in conveyor belt images, a con-

School of IoT Engineering, Jiangnan University, Wuxi

veyor belt defect detection system is designed, and a label assignment strategy based on Gaussian mixture model is propopsed. The
Gaussian distribution prior information of the feature receptive fields is applied to build the Gaussian model, which can adapt to defects
in different belts through dynamic adjustment mechanisms, thereby effectively improving the detection capability for minor defects.
The intersection over union with receptive field distance is replaced to measure the similarity between Gaussian receptive fields and
true labels, the sample based on their similarity is allocated to effectively improve the accuracy of sample assignment. The Gaussian
mixture model and expectation maximization algorithm are used to implement the probability distribution fitting, achieve the adaptive
allocation of positive and negative samples for feature points, and effectively avoid the missed detections caused by minor defects. Ex-

perimental results show that the Gaussian mixture model label assignment strategy increases a significant accuracy of conveyor belt de-

fect detection, improving the accuracy by 3. 8% compared to the baseline network.

Keywords: belt; Gaussian distribution; receptive field; Gaussian mixture model; defect detection
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3.2 PFHriEsR

TEA R LS, A AEF R E (mAP, mean aver-
age precision) . g (precision) FI{3FEIH (recall) FAEH
B ) PEAL HE 7

mAP VAL B ARk A T PERE B RS bR . BEA T
TEZA™ AR L AR (ORS8RIl 5, BRI T A i i
il o A JE A 5 A5 U X TE A A 0 T Al M R LR 5
I R E G REA (CEIES] + BRIEFD MR, HE
H PR O BRI ], A R R A AR T A A G IR
Bl eedy . REIEMS A ERRIEAMHEA (HIES + &
D R, BERARNT .

TP

Precision = TP - FP (13)
B TP
Recall = TP - FN 14
N 1
mAP — %EJ P(R)dR (15)
i=1 90

Hrp, TP FoRnHIEH], FN R B 5], FP R B IE
Bl N 2w BRI BE s i A58
3.3 XWRERERSW

AR B S H R A B R KN 640 X640,
YIZRFEHCH 300 5. HER KN K 48, I LM A N 0.5,
WIH2E 2 B E N 0.0, HSEIEAT MBI HAET
AT NG . AR M 45 4% 3+ 1+ 1 (W LB R 43 S )l
SRR . MR R 4E

ARSI SR T WA B RL AT T b R 4R YOLOVG,
Fi YOLOv6 #77%; f#i F§ GLA 504 % YOLOv6, Fl YOLOv6-
GLA Frn, R T ARUESZ I i vl SE M, X W3 B A5 20 R A (]
WESHR S, ELRT AR EE b, SR a Rk 2
B

E Rk e %

HEL TR Precision | Recall | mAP;, | mAP;; |mAP;s,.q;
YOLOvV6 86.1 73.2 77.3 56.9 57.8
YOLOv6-GLA 88.9 76.1 81.1 58.5 59.8

WAEF LA, FTRLE H YOLOv6-GLA 76 % 3% 4 Bt [
BRA rm R A, FEAER L RIAELT
YOLOv6, HZEZAMI8EA T 4 2. 0~4. 0% i F . precision
RRF A E T 3.8% ., GLA BB 57 i 5 Hh o 1% 3% 45 1%
WEAT LR 25, 38 8 iR B VR B B B ok Bl 2 R A bR 45 A T
TR AN TR RUBE R IR (9 RO XA B T A5 8 B 47 b Al 42 4%
Al BRSSO B, TR I AT L AR o AR TR A A N SR B Y A
AN, XirEE LR EBERNES D RE
GLA W B8 35 SR THE T A PR R

Y TE B WL R R X — D, ARkl e R 2 2R

WAL R 2 LA 9. AT YOLOV6 15X K 2 $ ML ik 4l
BRI TR 5 i B . ORI A AR B A v G0 % B R BB
o R A B B i R B I LR RE ) A7 7E W R
o MEZT . YOLOvV6-GLA Bt X % 2 4l SUBE A 5 2 247
A, e TR TG BN BOIE Y PR RE T . O A I O 3R
Be BRI AOCR . 18 RO T R il GAR B BE TR K
LT A S 0 15 0 5 0K R T L g 3 S ) RUBE DB Ak
ML . X R T GLA FEAL 24 B A AT 55 o 2 BLHE
TR AT AE . Oy [ Bl Al A 7 O i v ke s I AR AL T A AR
fifp R J5 5

(b) YOLOV6—-GLA

(a) YOLOv6

PO A3k e B A 0 A0 X b 1]

4 HRiE

FEABETE B X4 25 7 O 7E 1155 A7 76 15 3 A
AR R AR Gl o3 A R A ). SR RSB T —
BT AR A SR B A I R T . % AR G BE A B A A S
W, JE IR IR A J7 k. ALV T — R TR TR
B R AY YRR 2 3 T AW . DL £ G 5 vk R A TE 1 B T
(L. B ST TR fE sz B, O A6 e 407 20 A 1 SE R £ R
PEAT v A A R A B S R L. AR 68 3
AT ROBE R AL 6 B b . T3 8 T Rz e tefg. W)
W JE S 5L IR A BT R A B EM Sk AT MR 0 A
B . AR SCICBL T XA AR B & L OE OB AR o L. Al
AL S R T MO R TR I R g . LR A SRR
A SCAR 1 s S TR 5 S TR R A 0 T SR W T A % Y R B A
RS BE SR T 7 U T OR . AN TR HEM 4, Pre-
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