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Detection of Ceramic Tile Surface Defects Based on Improved YOLOVS

YU Song-Sen, ZHANG Ming-Wei, YANG Huan
(School of Software, South China Normal University, Foshan 528225, China)

Abstract: The existing detection method of ceramic tile surface defects has the problem of insufﬁci?enf'ability to identify
small target defects, and the detection speed needs to be improved. Therefore, tl?iS study proposes a ceramic tile surface
defect detection method based on improved YOLOVS. Firstly, due to the small size of ceramic tile surface defects, the
detection abilities of three target detection head branches of YOLOVSS are compared and analyzed. It is found that the
effectiveness of the model that removes the large target.detection head and retains only the medium and small target
detection heads is optimal. Secondly, to further realize the lightweight of the model, the study applies ghost convolution
and C3Ghost modules to replace the ordinary convolution and C3 modules of YOLOVSs in the Backbone network, thus
reducing the number of model parameters and the calculation amount. Finally, the coordinate attention mechanism
module is added atithe end of the Backbone and Neck networks of YOLOVS5s to solve the problem of no attention
preference in the original model. The proposed method is tested on the Tianchi ceramic tile defect detection dataset. The
results show that the mean precision of the improved detection model averages 66%, which is 1.8% higher than the
original YOLOvS5s model. Besides, the size of the model is only 10.14 MB, and the number of parameters and the
calculation amount is reduced by 48.7% and 38.7% respectively compared with the original model.
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ARSI AN T A A 9 GPU oy Nvidia RTX
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VR B2 SIHESE, MAC S 9 1.9.0, CUDA BRA K 11.2,
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R 2 ) AT 1) e S
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®2 A FESCE A Ik B S0 45 R E

mAP, 5 Params Weights Speed

Model GFLOPs
(%) M) (MB) (ms)
YOLOVvS5s 64.2 7.0 307.8 16.86 25.0
YOLOv5s-de  64.8 5.2 280.1 13.20 23.1
YOLOv5s-ad  60.1 7.7 450.1 28.10 36.7

323 THREEE

LA YOLOVS5s-de Jy 2 R A 0 47 1 Rl S 56y, S5
FEAFELLT 2 N5 3B 1 X 3 FA R R
BE Y, AR E A 4 55, ghost convolution

DA S C3Ghost. 28 2 5 73 % bR A A [ v R 27 B
B, 145 SE block 1 CA block.

M 3 AT LA BILE F ghost convolution A1 C3Ghost
Y] DL Z b R R N S5 E A R, RS
TR PS50 B . S S M S A T 2k v
BERL, ot mAPy s 4271 T 0.1%, ZHE AT 8
BT 36%. TEETMZAHH ghost module HXEFE,
18 FH B 0 FA) 5 M 45 B AT A= BOK &2 (R AR AE 5, 35 B
TR DL D E@?ﬁifﬂ?%%ﬂ@i&%%ﬁﬁ‘é.

3 JHPhSIY g . -
DWConv GhostConv C3Ghost SE block CA block \m/i{’o_s (%) Params (M) GFLOPs
N — — — > 63.9 3.7 208.1
— v — — — 64.6 44 245.0
— — N - _al 63.4 4.1 214.2
N — v - — 63.7 25 1422
— J A - — 64.9 33 179.2
N - NT N — 64.0 27 147.0
N u j ! N — N 64.3 2.8 151.8
— g \/ v — 65.4 3.5 183.9
— S N — v 66.0 3.6 188.7

i il ghost convolution A1 C3Ghost FiFf 4 b A
e, BRI IN CA block J& FRR Y S 350G B 35018 e e,
L F] 66%, ML TR YOLOVSs B8, mAP, s $2 7+ T
1.8%, ZHEIR/D T 48.7%, tHHEIRD T 38.7%, £S5
g A R D T R ) B Al B, SIS v
PRE BE 3 AA, SR R e

XTEC B 15 FHEE 16 Bk g 5 aT LUK B, ¥R CA
block HIALAY N B A dif b 1) T 0 B A5 FE 2 T8 I SE

block FIRLAY. X LLIE 15(b) A1 16(b) 7E stage 17 4 i »

(AEAE £ B AT DR IR, % F— S5 4005 5, Tl 15(a)
FiTEH L9 PS8 €0 S R OO A 1 51 CA block 9
RIS I TR . AR A R B 4. X ELIE 15(c)
I 16(c) 75 stage 20 i HLIBHAT 13 57T LU B, 450
CA block {1 MBS T35 X A B bea e AE A5 5L 1 s 7
HH 558 TN SE block %7,

Lk
]

(c) Stage 20

(a) KIS

B 15 ¥ SE block J& 1R f G 45 5 1 A il A RFAIE 18

(b) Stage 17

158 4 AR H % Software TechniquesAlgorithm

o

(o) Stage 17, | \ (0 Stage 20
"\ <

(a) K25 R

16 71 CA block JEAE R IRGRINS% 51 1% A B (i P

A\ s
3.2.4& AN RIS 1 e L

- ARSOH EEATFN ) B BRASIIARAY, £045 Faster R-CNNU,
Cascade R-CNN™, RetinaNet!"*! fI VarifocalNet[24], e
AT FH 1 32 PR 28 5 K 3400 ResNet-10110, 5 L (1)
FERLE L HE YOLOv3-tiny Al YOLOX-s # 8!, ‘& 4114
572 YOLOv3!M ! Al YOLOX P 7 iz AL il As, %
NGRS RN 2816%2816%3.

MZE 4 FTLLE H YOLOVSs A7 B Hofs H bR
DAY, P S50KG FE A B, IF B ) S8 s f
/D AETE X LA, HOEE S B! YOLOVSs-
Ours fE IR ERIME . S E . THEEMBAAETT
T34 8. YOLOVSs-Ours 7EA5 28 5 A+ 55 B f
AR BER b, ST g v ARSI
3.2.5  A[ESEBLERFE R REXT L

e % THT AP o A U 4D . R A R A A B
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PRERIG, 35 0T LG T AN A RS B I &% 24 2 R b 1)1 35
Rt 22, T DA BN T HH BA0 28 B o 1) /0N H B e B 2
TR RUCRIRNE . 3 €8 RO LA B 1 6 R BBOE, YOLOvSs-
Ours M-V HE i 2 1018 =1 T )51 YOLOvSs #58Y, Xf /)

bR FI AT 5 Lt RS e

K4 IE H AR P REX L
Model mAPy 5 (%) Params (M) GFLOPs Weights (MB)

Faster R-CNN 31.0 60.15 2095.7 460.44
Cascade R-CNN 34.7 87.94 2123.5 672.49
RetinaNet 48.1 55.22 2191.2 422.87
VarifocalNet 433 53.54 1394.6 410.16
YOLOX-s 50.1 8.94 5159 68.52
YOLOV3-tiny 63.6 8.68 250.9 21.10
YOLOVSs 64.2 7.04 307.8 16.86
YOLOVS5s-Ours 66.0 3.61 188.7 10.19

*tEE 17 # YOLOvSs Al YOLOVSs-Ours (1R 7
B T LB, 40 ) AR B R0 S5 b, RE T
s TR S T SR HO 4K, AR X/ B ARk

(43286 /7 B9 T )Y OLOVSs %Y.
3.2.6  AS[EIRR I SN 14 RE Xt B

BRI EHE, B 18 o T AN B A PASE Y i
R 2h B M S2a6 25 o] LLUE H YOLOvSs-Ours Xt H
P S g 1) Tl B A FE 2 v T R YOLOwvSs A 4Y, JF H.
YOLOVS5s-Ours % bt HARAS WA, G682 LI H 5 2 1
H ARG I, DOk fa IS AL 0T /N H A it Bea an il 25 SR AR 5

Edge

Corner

White_point

Light_point

Predicted

Deep_point

Ring

Background FN

0.04

0.02

0

0

0 0 0

0 0.17

0403

0.01  0.06

0 0.02
0 0.06
0.02 [NUSIG

(a) YOLOVSs

T FH G0 e e % T B X R R Y (1 s B . HL
ik SRR R S B A SR R D, RERE R H 0 2 B
it 2% TH SR o A 0 Yo SR 44 0 5K

K5 AR TR R

APy 5 (%)
Category Number
YOLOVS5s YOLOVSs-Ours
Deep point 802 0.574 0.633
Light point 102 0312 0.424
White point 271 0.418 0.465
Corner 241 0.869 \ 0.870
Edge 54 0.885 ‘\ ~ 0830
Ring 48 v 0792 0.739
L=
\ !

4 A HREE

ARSCFRM T — BB T U YOLOVS A% &
T R B A 00 779 3 sk M B4 T A R U Sk 4 S A B A
ghost convolution F1 C3Ghost R SEHLELAY 1) 42 &4k, I
Ham CA VER AU, 32 T3 50 3 B 2 (X 3
5B, ot 5 MR B AE IR B3 . S8
B R ARE T T YOLOvSs A1
R EEG ) H ARSI B, /N H bR BG4 A
MR AE RS AR, 22K B0k J5 AR 5 28 A fik
AT b, R 31 92 b 8 A 26 T R B o U 20 15 v, S

BN v .

LY

Edge

%

\‘ Corner
4

]

White_point

Light_point

Predicted

Deep_point

Ring

Background FN

17 IRV

(b) YOLOvV5s-Ours
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“(b) YOLOVSs

(a)YOLOV5s-Ourg
4

(c) Faster R-CNN

(d) Cascade R-CNN

(e) RetinaNet (f) VarifocalNet
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