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Abstract: In order to realize_t sif'ed detection of point defects, line defects and block defects on the glass

cover surface of mobile phone, proposes to study deep convolutional neural network (DCNN) model that can
ddress the problem of data lack, this paper proposes to use sub-image division and
s, and construct the MPGC-DET (Mobile Phone Glass Cover-Detection) data set. In order

the model, this research takes modern and mature deep convolutional neural network model

automatically extract features?
random defect synthesis
to improve the generalization
as the basis and combines transfer learning and SE modules, to build a classified detection model of mobile phone glass
cover surface. Experiments show that final classification accuracy rate is 96.40%. Grad-CAM (Gradient-weighted Class
Activation Mapping) technology is used for visual analysis. Results show that the proposed model performs prediction based
on the characteristics of the area where the defect is located, which indicates that there is no sign of over-fitting.
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Tab.1 Random defect synthesis algorithm flow

RIS

Algorithm 1 Random defect generation

Input: N,,Om,
PROCEDURE Defects generated
Llabel <— 1, Dlabel < 2, Blabel < 3
FOR each ie(1,2,-+,N,) DO
cl,loc;,n,,r, < RNG
Im; <~ Om; + LDEFECT (cl,,loc,,n,,1;)
Llabel, < Llabel +loc(Im;,loc,,n,,1;)
dm, «<— Om, + DDEFECT (cl,,loc,,n,,r.)
Dlabel, < Dlabel +loc(dm,,loc;,n,,r;)
bm; < Om, + BDEFECT (cl,,loc,,n,,1;)
Blabel, < Blabel +loc(bm,,loc,,n,,r;)
ENDFOR
END PROCEDURE
Output: {(Im,,Llabel,),(Im,, Llabel,),-,(Im,, Llabel,);
(dm,, Dlabel,),(dm,, Dlabel,),---,(dm,, Dlabel,);
(bm,, Blabel,),(bm,, Blabel,),---,(bm,, Blabel.)}
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4 EFDCNNRYHPE 5 A& R (Defect classification

model based on DCNN)
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2 The overall structure of the model
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5 S2I§4r#T(Experiment analysis)
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Tab.3 Evaluation index calculation result

Jitk R/ % KiBR/% @R/ % F-Score/%
VGG16 31.47 7.35 25.00 11.36
ResNet34 58.31 53.47 51.25 52.34
MDCM 96.40 96.42 95.37 95.89
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Fig.7 Grad—CAM visualization results
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