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Abstract

Aiming at the problems of traditional defect detection methods based on image feature extraction,
such as too much dependence on the effect of feature extraction, poor generalization ability, low
efficiency of artificial quality inspection and vulnerability to subjective factors, an image defect
recognition method based on deep convolution neural network is proposed. Based on ResNet50
convolution neural network, the classification model is constructed, and the size of the input net-
work image is increased, various image transformations are used to enhance the data, and the loss
function is modified to make the model pay more attention to the difficult samples. The AUC (Area
Under Curve) value of the model on the test set can reach 0.905, and the F1 score can reach 0.81. In
addition, a defect recognition method based on sliding window detection is proposed in this paper,
which can improve the attention of image details and greatly improve the classification performance
of the original model.
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AN TR PR F(x), 0% AN R NI B0, (MLt Heo SN x Z R 5N
B 5 g .

weight layer

H(x)=F(x)+x é

v relu

Figure 1. Added residual network unit of
shortcut connection
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Figure 2. ResNet50 network structure
[E]2. ResNetSORI4E 4544

Figure 3. Identity Block structure diagram
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Figure 4. Conv Block structure diagram
[&El4. Conv BlockZ5 44 [&
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Figure 5. Cloth image data set
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Figure 6. Comparison chart of different zoom methods
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Figure 7. Data enhancement effect chart (1)

B7. Bl R scR K (1)

(2) VRS SEISETN Jm ey v (b) AKFTT I F%

(c) BH W HF#

Figure 8. Data enhancement effect chart (2)
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Figure 9. Schematic diagram of sliding window detection
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Figure 10. Flow chart of training and testing process
Eo0. gt S ERRIZEE
Table 1. Training parameter settings
1. NHEBHRE
LD NN VI 31 K (Ir) BRI A Bz (batch size) YIZRAEE X (epoch)
224 x 224 0.001 32 30
800 x 600 0.001 16 30
512 x 512 (&) 0.001 16 30

DS o W b1 TSl V6 7 T S ¥ e P 7 S 71 X s = <0 AN 5 R 7 WD s = #) - A
DAY, R RN ZREE —FE, &K 2560 x 1920 R 2 K/NATREI R 512 x 512 K/ 1 256 KK
FEAFEINEL SN BT IR, SRABA AR OMERR, PR 2R /N A = A () T30 At 2 ok
PEAE N E B IR A R R

AT SRR TE keras TRIE S SITHEZL NEAT I, FOMAAHER/E RSN ubuntul6.04, CPU NEIHKF/R

17 kb33, 32 GIiZ{TWTE, GPU N TITAN X (12 GB), i/ GPU hnigit%.
3.2. RO

3.2.1. P IERR

1) AUC (Area Under the Curve)

ROC (Receiver Operating Characteristic) t1 £k & F TP 70 FEB Y 1 RE X AR TE 2 — o BL IR AR AR
JPHIESS FPR (False Positive Rate), HIFUINIE(H bR S FER 5 BT GUBIREA RULLET, HAFR
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HIFZS5% TPR, (True Positive Rate), R[5 Tl A4 1E Hs2br A IERIREA 5 BT IEFEA I EL], FPR A1 TPR
i g /A I
FPR = FP/(TN + FP)
TPR =TP/(TP + FN)

Fory TP R F50N D9 IE SR I IESRAE AR, TN NS B S0 O 7 R K SRR A, FP R B T oy 47
R IERPEARL: FN N TN IR 1 AL

XPT o RAE A, i oy RS B AN E T IR P, WOERIME 0, 4 P> 0K, iXSINIE
2%, BN 7AZE, WA PLTHE H —41(FPR, TPR), M/NEIRASERIME, K8 B A BRI 15 2] ROC #h
4. AUC Jy ROC HIZENHITHAR, HHE ROC HIZHE ATEHI AN 73 KA AP, AUC HIEBR, £
Rz A MERE R4, mT DU IS L AUC BUE 1R /N R AT 5 43 AR (1) 1 BB 43R

2) F1-Score

F1 73 %0(F1 Score), [FIf A2 & 73 AR BE 1Y) B ELFR AR , B[R ST 1 4 ZRABE R f) K 14 2R (Precision)
A [F#(Recall), A AEMOZ =3 BFIIMACE, B EARI T :

. Precision * Recall

(&)

F1=2

(6)

Precision + Recall

FErORS R 2 SRR R s N IE R AR TR SEBRON IE SR LL R, A [l 2R SRR ) s R T2 HLSE BN IE 2R B R
AERPIEREARIELE, —FHNE AR F:

Precesion = TP/(TP+ FP)

Recall = TP/(TP+ FN) (N

3.2.2. FRIMEERMNE R RTRIE
XFF4RT A 224 x 224,800 x 600 PFFAS A R SF B4R, #5836 1 S 80s B 5 7 H GoogleNet.
VGG16 1 ResNet50 M5 HEAT I ZR MARFI LR B 11 2 =N TEA R SF Fi 4 LR A SR ROC

1.0F
0.8
0.6
=4
A
—
0.4 F
= VGG16-224
= VGG16-800x600
0.2 F GoogleNet-224
GoogleNet-800x600
o ResNet-224
0.0 - ~—— ResNet-800x600
0.0 0.2 0.4 0.6 0.8 1.0

FPR

Figure 11. The model corresponds to the ROC curve of differ-
ent size inputs
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Mizk, £ 203 T 10 R4 M4&m AUC 18, BIHZE T 7 BT R AR, 3¢ 3 d3% 7 AN [AAR Y X B
() F1 2%, 32 2 Fde 3 mTLAE H, ResNet50 Y23 B RS 72 R 4L L1 AUC {E LK F1 2500
BT GoogleNet fl VGG16, JHik X}k 224 x 224 5 800 x 600 P4 A A~ [A] B v % N\ R ~F B 45 458 284 (14 0
MR, LRI, HRHANE R RS, B R B AR AR 0L 8 P R RIE B 0%, AR T M 48 7 25k Re
4Tt

Table 2. AUC test results of different networks for different input sizes
F2. NEMLZEI TR EHRNRTHAUCTHIRZE R

AR
P 2%
224 x 224 800 x 600
VGG16 0.853 0.873
GoogleNet 0.867 0.879
ResNet50 0.885 0.898
Table 3. F1 scores of different networks for different input sizes
3. NEMZE TR EHN RT3 5
AR
P 2%
224 x 224 800 x 600
VGG16 0.763 0.775
GoogleNet 0.776 0.787
ResNet50 0.791 0.805

3.2.3. loss L BORRES

IR SIS SR A O E IS R, A SRR O R R e B T 2.4 BT E SRR R R R
B i N RS R/NGE— 1 B9800 x 600, 43 7kt =N W 28 B b AT YIS Ani ik, &5 I AUCTH ¢ F1
SR AR SFTIR .

D3O PR K R A A5 1 25 R B DRy IR Al A 2 ST R AR, MAR3TT DL Y, 8 F St (R 40 2K R 40U
EAMAERIEAUCHIFI 30 LR IUISE LT, IE B8 KR MEREALE DI R FE TR R, REE 1R mist
R4 SV RE

Table 4. Comparison of AUC of model test obtained from different loss function training

4. TREIRK RIS ERENRAAUCELE

Loss VGG16 GoogleNet ResNet50
X 0.873 0.879 0.898
O AR5 % B B 0.881 0.885 0.905
Table 5. Comparison of F1 scores of models trained with different loss functions
F5. FEHRER BN SRENF B R
Loss VGGl6 GoogleNet ResNet50
X 0. 775 0.787 0.805
O AR 45 % B B 0.781 0.79 0.81
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T FIRSZIGEE R, ASCEE TR 7 VR PER AR N E N 512 x 512183, W45 A ResNet50,
YIZRE FER A 2.4 W E e PP R B, SEIR S RN 6 fis:

Table 6. Test results of sliding window model

6. BEhE ORBFNAER

AUC F1 Score

R 0.935 0.841

W BRI VERR S5 5 AUC mik 0.935 [FIIF F1 4330 0T BLIE F) 0.841. PHANSE F bRds) 2 B B Y
b . A R R B4 O RS B R AT I 25, SN R IR R AE B2k, Sm R R Xk R A5 by
TER) 22 SRR, T A AR, eSS E MG TR ian s, Bt LI S 4 i o 26 Mt o

3.2.5. RIS IGREMELE

W2 SR R LA B RS KNS TR R 2 S M AR AL B 2 I o SO 6, AR SOREAS ] Y
ZREERE . ARV N R SE LS T B A DU RS Y 23 S REAT T 0 FOl R PP, 36 7 RAEAIZEMAEE b3
BRI Y IR 45 5 R Y (1 43 8 e B A N R (0 RS 38 KT B, a3 s e A s, A
)RR MaH —ERE L.

Table 7. The average time for different models to process a picture (unit: second)

F#7. FRIERAE—KE R H) TRt E (AL 7))

VGG16 GoogleNet ResNet TR R
224 x 224 800 x 600 224 x 224 800 x 600 224 x 224 800 x 600 512 x 512
0.008 0.039 0.015 0.03 0.017 0.045 1.08

4. 4Eip

AR A TR B A 22 X 2% 1) LR IR R A T vk, IR T AR UG R b I3 v . Ao
T ResNet 2%, (EMIZEHIAN . S 5m DURAR s B EEAT T ARALAT S . BEAh, $R HH X 2 0 T X3
WA 5, SENSGE EE AR, UIZRPT S B A AE N4 B AUC 152 1 0.935 MRS F1 20 %50m]
LLIES] 0.841, AT )5l ResNet VI ZR TSR RIAT BORIR T} o VB I INd B AOBR AR AR 1 AR 1) 3 S0 %,
{HAE S SRAER R EAT ORI (52T, A DL SRS A A BEAR TR 1 SE PR BRI A iy, AT IR 5
AR X i o (VR RE 0 SE O EE B . R T T RS PR R AR SR ) P R i AR

ATVL R BRAMER A 2 A A, e W AR AE A R AN AIAE A, B XA R AR BEOIEE 4T R A I A0

W
E&WH
ARIH KK H IR FHA S (No. 61971168)FIHITTA H 2R FHF 5 4 (No. LY 18F030009) 3¢
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