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Method for detection of slight scratch of mobile phone screen

REN Bingyin, LI Zhiyong, DAI Yong

(School of Mechatronics Engineering, Harbin Institute of Technology, Harbin 150001, China)

Abstract; Aiming at automatically detecting the slight scratch of smooth surface of mobile phone screen, a method
for small target segmentation and insignificant defects detection based on “Classification net + Attention U-Net” is
presented. The necessary components of smooth surface defect detection system based on the classic U-Net are
proposed, including preparation of data set, semantic segmentation network, definition of evaluation standards and
loss function, appropriate regularization methods and special initialization method. The reason for failing to detect
and false detection of insignificant defects by the constructed classic U-Net are analyzed. An improved scheme of
adding segmentation network to classification network and adding the Attention mechanism to the classic U-Net is
presented. A network consists of “Classification network + Attention U-Net” is constructed to improve the effects of
small target segmentation and insignificant defects detection. The results show that the pixel accuracy rate of defects
detection of mobile phone screen arrives 0.997 by the presented improved net. The presented method can meet the
actual requirements on detecting the slight scratch defects of the mobile phone screen. It can also provide valuable
reference for similar scratch and crack detection of smooth surface of ceramic tiles.
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Fig.1 Image of mobile phone and its surface defect
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Tab.1 Detection results of training set and testing set by U-Net
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Fig.3 Detection results of insignificant scratches
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Fig.4  Detection results of shallow scratches and dot defects
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Fig.5 Detection results of shallow and obvious scratches
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Fig.7 Improved semantic segmentation network

2.4 MR

1) #1% pR AL

XTI LA EIM % R REBCR T L, 5 Ly 45
HIE .

L=a-L/m+p- L, (1)

s m R BRFE R BB R R AL o 5 B4
RPN R 7 AR R L T

K (D) BREL m 09 B 2GR R LR
BG5S 5 H/ N RS 3 —FF 1 B A0, (45 451>
b AR AR REAS 20 1R 45 A X 4 , VI R S -7

XM s HA Ok R BT R

L=a-L(p) +B-L(p) +X - L,(c).

K a BEX 53N 3 A5 SR AR 2R R
B L.

TG 408 5% RIS o SR 28 25 o) H R
L #8EABRLL m, 2R PR 00 0 A 25 R E
ZIEIR I 1/8 1 BREAER S 7 OB TR/ PRt i
HURBRLA m 2l 15 W 25 25 50552 S B — A B R
RoMZ 5 — Wy 43 26450 2% R B o (70 T
Le () , X TPHMERERR M /3 28 R BAR A ROR , B &
M IIFEA.

TR A MG R R ECh
L=a-L(p)/m+p-Ly(p) +X - Li(c).
K. a BEX AR 3 A sREL S B R pREL
(I HG s m Ay Bk B AR B A TR R R G L, =

T,/(Ty + 0.5F, + 0.5F).
2) IE N feab 3
HRAE SRR, 4 R L, IE Ak, 7650 25 )

2% 1) 44 2 T i T Dropout 1E AL | S fifi b 4
P 2 B — JZ B 28 T SRR T K B9 AT RE, 1]
WNBEE R Ty 0.5, MITE R —Z M 20 R —
R TOR R (EAEE R 0) , REA ROt
LA B 0] AT 7 ) 208 B R P T 4

3) 2% 1 I ZRas R

K5 1.6 AR R IR AT =X, IFRE 7326 )
25 v 0 I 45 1 A T SO0 ) 0 265 1) B o R
I3 UA R A 2% rh g B 0 28 95 23 1Y R O Y
sigmoid PREHT— 2 MR B SHBE -4, X ] IR K
T 0 2 (g U . 4 2 25 R SGD A Ak, i i
SOy RN 2% 5 52 8 W25 R Adam LA AS. 2840 2
S M S | B A B A Y 43 S 2 5 5 A N 4 1Y
IrR R INRIG OSSR Ik 2 Firs.

F2 HEMBINEERIILE

Tab.2  Training results ofclassification network
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Tab.3 Results of testing set ofclassification network
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Fig.8 Detection results of no defects
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Fig.9 Detection results of insignificant scratches
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Fig.10  Detection results of small scratches
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Fig.11  Detection results of obvious scratches

(a) JEPEI 3 )5 (L1 (b) B3k 19 4 T P () U-Net HiljI&] (d) bRl
12 MRS R RERBEFREER

Fig.12  Detection results of scratches and dot defects
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Fig.13  Detection results of shallow and obvious scratches
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