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Detection of Detecting Textured Fabric Defects Based on Deep Learning

XU Yu-Ge' ZHONG Ming! WU Zong-Ze*® REN Zhi-Gang® LIU Wei-Sheng’

Abstract Fabric defect detection is a key part of product quality assessment in the textile industry. Achieving fast,
accurate and efficient fabric defect detection is of great significance for improving the productivity of the textile in-
dustry. In the production process of fabric, imbalance exists in the shape, size and quantity distribution of fabric de-
fects, and the complex texture information of the jacquard fabric will cover the characteristics of the defect, which
makes it difficult to detect fabric defects. This paper proposes a method for detecting defects in imbalanced texture
fabric based on deep convolutional neural network (ITF-DCNN). First, an improved ResNet50 convolutional neural
network model (ResNet50+) based on channel concatenate is established to optimize the fabric defect features.
Second, F-FPN (filter-feature pyramid network) method for filtering redundant feature is proposed to filter the
background features in the feature maps and enhance the semantic information of defect features. Finally, a MFL
(multi focal loss) function weighted with the number of defects is construct to reduce the impact of imbalance on
the model, and reduce the model’s insensitivity to a small number of defects. Experiments shows the proposed
method effectively improves the accuracy of fabric defect detection and the accuracy of defect positioning, while re-
ducing the false detection rate and missed detection rate of defect detection, which is significantly higher than the
mainstream fabric defect detection algorithm.

Key words Fabric defect detection, deep learning, feature filtering, deep convolutional neural network (DCNN),
imbalance classification
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Fig.1 Samples of jacquard fabric defects



- N e
860 H ] (i ¥ H 49 &
700 350 .
o g * B . o Ukl 350 o W e
600 300
300
500 250
250
#% 400 B 200 %
& & & 200 -
=300 =150 . = - :
= = . T50¢ e .o
s .
.
200¢ 1000, ¢ wb .,
ogls .
100 (4fh.q © 50 g, 50 Lopleae oo o
. . B .
WS o= o0 e o
0 500 1000 1500 0 250 500 750 1000 1250 0 200 400 600 800 0 200 400 600
z [ z /B z [ z /B
350 -
600 | o B ) L CE o Hith
300
400
500 250 |
ik 400 1 © B 200 3 300
= = =
=, = =
=300 | .‘. = 150 | =900
o ° .
200 s w00f . . o0
100 - 50 . Rl PR
A 50} FXI
- Fiie
0 s s s s 0 s s s s 0= s s s
0 200 400 600 800 1000 0 200 400 600 800 0 200 400 600
z /BF z /1% T [15E
2 Y 1) A Al
K2 SUARULHR AR 70 A
Fig.2  Shape distribution of jacquard fabric defects

(R HEHE HEAT LRI 43 38, B AL S0 2 T Aar il 1)
SR S ) 1) ST T 0T T A UG 3B a5 2R
A BCE AT, TS B R0T BER A
R RERCZE B Rl R, H R R AAT SRR HHEA TR

1E J2& H T A7 VG HEOIE 5030 46 1) X Se ke, 45N
ARG R A 58 1) B A W00 77 5 ¥ DA ik ) JE AR ks
R, A SCAEXT ResNet, Cascade R-CNN,
FPN S5BARE FU At 2 b, St — PPk TR FE
R 22 0 2 1) U3 AT DU IBOE A I 7 32, 106k K 23 9%
R SRAT UL HEAT B SR AR SR A, kgt
TIAL B 5 B AR AIE B N 381 23 R ABE A AN [m] Y 55 Y
rh, SIS AT UG PR SR Ao

3 BRI E

2 £8 21 A7 I 3 A ) B0V o) A 5 T R
3R, ARSCR I RFAE SR 45 HE 228 25T ResNet50
23t 5 1 ResNet504. ) H ResNet50+ X% A 11
A VT HRE R AT R AE A SR B, 5] B 38 FH 4R U 72
A 2 ~ 6 BT BIRHIE B i F-FPN P 4%
B, F-FPN 28 ALK 0 AN [R] 2 G KRR B4
RGBS 2 R AE R A AE UM R, RIS AR AR
REE B IROE R B PR S T A5 R T I, B
JE A5 2 PIRRAIE I 28 i X 3845 1E 9 4% (Region proposal
network, RPN) $2HUE|Z) 2000 MEIEHE, K513 2
1) 2000 /i HE BE AT /OB X 45 (Region of in-
terest, ROI) 475 24 Hh XN — BB AE. 78
S LAl Al FH 0% () 3 S A A0 ] VA 38 o) S A AT
G AN E] I, i T o 4SS 50 %of HEOHE 1) S B K B2 A

RFBARG I 3 fron, i “FC” AR EERE
2,407, “By7, i =1, 2, 393 AARER 73 KM 2% Al [m]
U R 5.

T )
A Wi (|| FreN
4 2 Qﬁ A
e _EXW,?} I 2% £ 44
B
I
I
| |
[ I
| |
[ I
I I
[ I
| mamEEM | B, ]
[ e e I
K3 ITF-DCNN 7 (1) 3 4 45 1y
Fig.3  Structure of proposed model



4 3 VF RS T IR 2 5 RS0 AR UL SRS 773 861
3.1 ETBEEMAVFHEREMLZE ResNet50+ FEFHE I ReLU #0iG sR £in =0 (1) Fiow:

RSO FH IR AE S HU 2% 11 2809 ResNet50, ReLU () {37 ﬁﬁzz 0 1)
HM L ER I 4 B, ZMN% a8 5 NI EL, T

F1AM B EGRE, fitH—1k (Batch normaliza- ZREE—NERIZ A1 < 1, stride = 2 FIERE,
tion, BN) JZ. ReLU #U&H 21 7 x 7 Bt Ak JZ 449 %, fan B S HRRAE B RN R

HIGH) 4 AFr B # T~ B Identity block A Wi—1

Conv block 2k B 5% 2 B 20 6 Mg F. 76 S U ) Wo=—7—+1

ResNet50 H1, Conv block 451 5(a) FIR, g, - i
FEAE BN G 2k AN @, MRS, 7Bzl 2

Identity  Conv
Conv BN  ReLU Pooling  block block

HB W2MB W3MBt EAMB SESIBL AFER

Kl 4  ResNet50 45451 &
Fig.4 Model structure of ResNet50

_________________________________________________________

LIPN LIPN LIPN LIPN
(a) 4G Conv block (b) BU#H) Conv block () JEUEE Identity block (d) Bt Identity block
(a) Original Conv block (b) Modified Conv block (c) Original Identity block (d) Modified Identity block
K5 BRERR

Fig.5 Model structure of residual block



862 H 3

(8

Eitd 49 %

(Wi, Hy) Roni NFRAE I K 58, (W, H,) &
N RHEEI K S, BRI KR 2, BRI
SR 1 B S BURZIE 3/4 S B . i i A
i) @, AT Conv block & At 4T 0k, 5 H
R REEERZER, HHE 3 x 3 B RUZK) stride
WE N2 KIEE] T RN H I, FERH shortcut H
1 x 1 BB 3 x 358, dit /5 Conv
block 2541 5(b) iz, 5L FES, ResNet50 %
FA 23] Tdentity block BEEHRACE: A K E N )Z,
Identity block FEH 51 N AT DL Ve B 35 W 25 451 4
(0 0 T R BP0 3 2R il . SRR Y Tdentity
block HHUTE] 5(c) Frx, fi NG P idiE f5 A,
RN ReLU ffi— AN AEZR M HUE, 1X 53K Identity
block (14 Hy R B89 15, WK il 2B 8 1 3R 04 R
73, Bk, ASCRAE 5(d) s sk g, &
ReLU JZ# 2381 93, FLARFAE B B 340 I 5 ey
4 388 T R AIE B B 0 i e A R SRk AT Bk 22 1) 4
L, M B0 A5 78 %o BEOME AR 11E P 308

TLRYFIETEMLE F-FPN

TEIREBRIE W 2 3T 2 RO RHE RS
H MTE T AR 9 PR RHEE B &5 ATk, 74
151 5 HER P RHAIE S S BRI 55 05 45 @ N FE
fEJE C = {C, Cin, - Oy, Horh, o ARERER
JZ BV NFHAE 2, RG0S 02 3R 3 — P e N\ R
1IE |2 215y 3 RRAE 2 B 0 R, 1Z 0 FE AT R OR N
P, = f(Ch). TERGIFHIE G H5 W 2, HURE5K
N 5 ANMRIEE C, = {Clr, O - Oy
AL Z 0 Fe 3 M N FREE RS iy 1728, %
MFIEJR G —AN 1 x 1 B2 56 @ iE 0t 17 4
—, WJARH—MAE BT RE T TR A

3.2

FPN A EIE FPN A HE
J o NARFAE J i R4 P
1 ]

It g S FPN AR 14

o
ZE R AR WL 6(a).

Horpr, “2x” RoORFATPIME I _LRAE. FEATIL
SRR AN b, e T A UG R A AR KR ) SUBRRAE,
R SRR, MEAMESK FPN BRI 48 4 il
WE LR B AE B, 2% S SR B KB K U AR R AL, 1
DRFEOREAGT I RO ME L. O Ak R ARFALE P o A7 A (R AR T
AR AR, T R AR DR BTV, T BRI SRR RS
R AL R o, — ] B PR AL I 7 SR K IR
WEAT UG B A5 SRR R AR AR A P (B B A AN
HemE, EREEX MR RESEL) MERMIE,
M —ERE L FIHRR T S, B

pd(iv ]) = pd(iv .]) - avg(pt) (3)
% 3 mui )
avg(p;) = = ]T; < (4)

o, avg(py) R BRI R R R IBME, pali, ),
pe(i, §) 73 MRS IR B v RSEAR B 7 38 i AT 58 5 4
FIMG R, Hitli<m, j<n, mxnRREHT
Gy RE. AR L ITVE A B SR AE A U B A )
A o34 22 57, 00T S0 B — () A DL B AT DU
B ROR, A UL B i SO S R AR A M
DLZE 0. A FH R B A A 48 I 288 0 A UL 1 it AT 46
AT AR A DT ] — s 23 (R SE ) A R AIE, gk
172 REE B, 1 LLREGETE XS B RRHE, B
TE—EREE I BRAR VL W SO AR AE 25 (8] 73 A E 1)
72 5. TR A FH A5 A X 8 50 BEOME AT DL P& ATASEAR [
o3 AT R SRR, G2 A B 1y RS 1
ESUPRAE B 022 e, KA N 21 I 2 v B A 1]
FrEATRENL 1 ~ 10 ™ME R EES), 380 K
AR ] R %k 55, 159 BUAH SCRHIE B, ) AR AR 1A

JEIE AN

1 x 1HM JazMm 3 x 3 B#
@] @] (€] @]

B
HERR R

(a) JRUGHY FPN
(a) Original FPN

Kl 6
Fig.6

(b) kit #EH FPN
(b) Added filtered FPN

(c) BRULIEN FPN
(¢) Convolutional filtered FPN
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FrARFALE X FEOE AR UG B R R AEREAT TU ARSI g Sk
T, ARSCEEA FPN W2 52 s Frad g ) 7 =X

1) ety 0, = 1+ i, Hr, o, REFLUE
J5 T AR L, 13 AN 17 4y AR BEHE A UL ]y A
AR PR IR R I, i AR AL 1 ) TE £ %0 g
75 sE AR AL B B AN RFEREAT R 4, IRAS
SRR SRR AL P AR, H 2 AT DAY iR — 4R ARFAE P R
WEHITE SUE S, AR BT WA 6(b). Itk dE s
BRI B v B — 4ERFAEEAT AN, il
5 B AR — YRR AL AE i L ARFAE PRI PP RE2 o HfE RER
AT BE 3 B L0 K A 2 FRRFALE 1 SUAS JE S T sk
59, F TR 7B g

2) BALIE: O; = concatenate(I, I}) x K;, H
W concatenate(I), I7) Fomxf I, I RFAE 4T &
m, “x” FoRBREAE, KRR < 1R, Zid
P71 x 1 ERIREIIGIN, E R L E &
JS2FRL S AN [A) B RFAE A S 2B AT IR AN, 38 5 1A AL
IRCRFIELE SR BRI, FERARE RN 6(c) P

3.3 MFL sk

FEAT VIR, AN R RS A BB /2 2 & b
S ATIRAS AT, e r B LB 9 <3 is 7, B
B/ BB O <A IR S A L s
A7 : 1. BB S PR AN ST e T R PR I A SR 2
FEAR IR S A0 TR AR B R B 2 IR B R HR
75 5 R WU SR, T 6 T A B R D BRI
FH T A DA2E 1S BT IR AIE 0, A 758 R 1% 2T
e ARSI HE R R AN vy, o SR B2

NG fl AT R 2 51 25 1) 1E SRORE A AN S i)
A RIS R REA B ME 55 70 F2 P, Lin 5659 7E 2017
FEHEH T Focal loss 512K R 4L

FL(py) = —au (1 — ps)” log(pr) (5)
) % =1
ptz{f_p i ©)

Horr p RIRXT anchor FIFN B A5, %3851 2K R
EFXFIE 42K anchors A4 X AN [F] anchors [F3E 5
SRR FE AT RRR AR BE ) EH R R o B4 AE 1T
1E 2K anchors BN R %L, [F B A 3@ IS B K
FIHESr anchors TE SR ) A LG, fE—EFEE
R FEAR AP 1 0] 3. {H 2 Focal loss %A %
JE B 4 & SRR AR A BT, UK EE AN T
X2, AR DU B 2 S R T ), a
28 G OB A I M R i TR S A o RNy 13
HY, AHEKSE Focal loss YIZR1S B AR R 1A I
R AR TR B 2 R S I R 75 S5 R -

RIE N2 oy RA AT B R 4R, RIS ARALE 24

IIEEL, A SC45 4 Focal loss #2 H T it 1) MFL
PR BRI A %A 2 R AT R AN [R] R0 1) B 2t
AR, R A =5 FMBL AR AL o BB, FFAS TN
ZRFEARIMBUREL B, Be AT AN [F] B AF AR AE
Kl S P i o5 LE B IR, T 7 S R AR A 45
KR T S PR LU SRR B, LT O

Bc = X (7)

Ho, w RoRFHREL, N, RREGA ¢ MRS
A DI DN SR 6o SRl DRSNS SV NTUE PN
FE SR R BT o B EE AR T B/, B 1 s AR R A
JEAPHE S BRI TE 4 1 S E R T [
UK. O JE IR BB AT RoR

MFL(pt) = —Bc(1 — pt)7 log(p:) (8)
H, p EUEI (5) PR,

4 SEIEOHT

4.1 HIEEMENTWIZE

AR AN ERET KRB g 440,
s LS A B B 2259 18, B F 68 1iE,
R B R A S S aE B, A S IR,
FrHA 3 4 096 x 1 81018 %, fESese, W H
2 015 MEIE B Ry AN ZR4E, R 1 244 TRAE
RNIUESE. TEAEE A S 7 FiAG UTEE, 43 3
UGG 6T HURE B  sEBE X3 AN LA, £
Zrad B SR RMUE N — N RS 514, Bt
SRR AN 8 2 AR,

TRIE 22 B IR 75 B R R IREA, ik 3
AR PN SRR, 0 i e 1 B S AT i 48 o
AR F B 58 5 1500 1) KR GR A IR REAS
B HEAT 2 x 2 BITIED; 2) 6 U0E] 5 i BE 42 4 il
HBEAT KN AR L5 m) b BRSO B S AR A
BAFIEERER 8 5. MR [T 5 B £ I REA
SRR 1R, & 1 B RBTBRE R 2R
HONEAE S _E A7 AR AN 1l ) i, v <y 2
HOR AR B 2, Sl BRI B /b, X RR 2 2k
187 v K 5 BSOS TR A 2 3T 0 R R e P A 2 BRI
T, AR D BRI RS P e A 2=

A5 R B THEALEC B A Intel(R) Xeon
(R) CPU E5-2650 v4 @ 2.20 GHz, NVIDA Ge-
Force 1080TI GPU, #4F £%t 4 Ubuntuls.0d. A&
SEI6 ) R 25 K R BT Pytorch HEZEH5 &, SEI6 1%
& batch size N 2, LB A 600000, Y455~
N 0.0025, &N 0.9, TR EEE N 0.0001.
SEIG AT AY A 6 BBy, B 1 4y A S o A



864 H o o E R 49 &
R WE9RATE BT REAR
Table 1 ~ Samples distribution of the dataset before and after data augmentation
TR

WG 1£E HUk [ IEBE ZED oAt 1EW At
IR o T 2432 398 208 122 73 7 52 2756 6118
IR AL IG5 5 9728 1594 834 490 292 306 206 11026 24476
IO UF BRI SR T 141 33 12 6 2 5 4 420 623
IOUF SRR 562 134 48 22 6 22 14 1672 2490

TRURG WU BE X EE SO 26 2 840 FH T LR AR SCHE Y
(1) SR B A AL A AR B R M e 22 7, 2 5 LRI
BUH F IR FE 2 IRl 771, A% 42 0 A1 DU 3 Ao
WMIT7 3 A K B R FH AT DT I AS U 7732 56 3 &6
53T 4311 ResNetb50+ 2% 25 # %h SUH & 4 (1) A
UL HWE HEAT R AR B2 B 006 R0 s 28 4 350 F T3k
F-FPN S5 #£EAT UL HOAS I b A R, %6 pa e
PR T IE MR REHEAT bRAR, 78 S ook BB Y AE
528 ResNet50 + FPN + Cascade R-CNN; 28 5 #f
53 T3 IE MEL GE-T-fif A [ 3 Are A I s 2
AN PAT ) @R M, 93 i O e b S 400
16 UG RS A 1 B ) R e 5 6 B 4 W2 X ITF-
DCNN TEAN [A] FBEAR iz AL PERE R 237

BRG] F R A M REXT EE S20E

WIEE 4.1 5Pl oAl FH IR BE 2% o) 1 2k 3 B
AN ZRRCR, T % R G B s 4 347 1 5, 38 5 iy
Ja RIEHREERE AR A IR 1 R, IR UE S s 1 5s
SR A5, SR Cascade R-CNN A1 ResNet50
FERRINZAAL 2 A8 FH 38 o iy A1 3 5 )5 1) 2 4R
WA BEAT U 45, SEOe 45 RNk 2 fisk 3 prs. M
L] DUE B 38 o 5 () B 415 %5 21 R
M REH Frie T+, A HER R 3Tt 2.21%, ~F
YIRS EME (Mean average precision, mAP) 15

4.2

T 1.77%, Forp s B ZRIRE AR 0 e 4R T A%
K, WEFHFA mAP 7573 LK T 4.61% 1 7.35%,
Ji DRIAE - it B 2R HOIE 7 it A 1 0 40 4 b R A B
A BRI R AR T 5, BT (0 E 0 3 5 g vk
A ) TR S 12 SO0 AR AR B AT 24 2.

ITF-DCNN 75 DL BEH U483 B 14 6238 3
e

FEASE v Y0 UE A SR Y 1) eSO E AR X A7
DB A 00 PR AT 2, e 85 5 AN [ F e 0 2 F 3+
W2 BEAT X SR I, 2 5 ik i & A
Faster R-CNN. Cascade R-CNN f RetinaNet, 5
596 i T M 2% H ResNet50 1 ResNet101, 4«
SCHTHR R AR K JE T Cascade R-CNN #E47
PR JIRAIR TR B 5 TR YN A 8 1) A L 3 A
BRI AR L B TERE 22 57, 14 3 FiE G 3
SRR W T VR AT X LE S g, il 1) BT OKFEL
AR (Gray-level co-occurrence matrix, GLCM)
OO RS I 7 v, Horh, KSR E N 256,
HEEORSTREN (3,5, 7), BT EEN
(0, 7/4, m/2, 3w /4), R KIGETH & P A 38 0 b E
AR I R R M B LR, 2) T
Gabor JE & BRI 77 2%, o, B8 T7 1)
BN (0, /4, ©/2, 3m/4), PP OB R E TN

4.3

R 2 BRSNS AT S B R R B IR AR (%)
Table 2  Experimental results of model on accuracy before and after dataset enhancement (%)
eS|
Wi £ Uk LAl U ZEn it 1E SN
B A 1 v A 88.24 83.36 87.56 89.36 83.78 88.21 89.65 98.66 88.61
B o S5 90.56 85.51 90.35 91.42 87.64 89.24 90.02 99.81 90.57
® 3 RN RAT AR mAP X EUSCIR AR (%)
Table 3  Experimental results of model on mAP before and after dataset enhancement (%)
eS|
Wi £ Hukh LAl I BE ZEn it IEH SN
B A 1 v 69.06 58.51 81.50 83.44 33.33 63.70 45.51 62.15
g/ Sl =] 70.04 59.12 83.23 83.54 35.78 63.70 47.31 63.25
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(1/8,1/16, 1/32); 3) BT mHR & B (Gaussian
mixture model, GMM) JHCBEAT I 7532, H, &
AR AN B0 BN 3. S ARAIE 48 SHLRE TR f A N 2
F SIGSR A B R 7 HER N 280 x 280 18 & . it
— 5 LA SRR 0L 5 B iy L A ) Sl o A 0 5
L BRI 22 5, 0 SR [38, 41-42] HH TR
f) PTIT J7#:. CAE-SGAN F1 SufNet #4752,
SIS SR B R 4> R % B N 280 x 280 15 &K .
PTIT J7ikrh, X4 — R IOHE A Al i b 2 UL B oRy
B A3 2 patchs RS JEET 35, 5% patchs
() K /NN 45 x 45. 7E CAE-SGAN ({52, &%
FRFAREA 3T EL 500 5k E4T CAE BIIZR, XT3
S AT RE AN JE IG5 FH AN I Bl AL 7S ) v
A BCHTRE A, SufNet 18 Il 2Rk AR R BRI 2 5 K
BSRIESCEE, 43708 100 F10.0007, 1515 5%
KA X 2% (Cross entropy loss, CEL) B
IE AN T SOk [38, 41-42] (735 To 0 B 4T
R 2 A7, BRI SR s ) A B 28 1R AT U BT
SIS AE RN 4, B 7 AE 8 Fon. R 4 B
B HSLRER s R, W 7 BoR T ETM
2& 73 5128 ResNet50 F1 ResNet 101 B fr 5 AU 45 2 Ui
S22 B, B RISt 2R v ) B 4k
FENZRIRBOE B 240 000 RIS A s FHase, H
AR EE— N HEB/MAUE. ITF-RCNN 7R 4R
LTRSS SR AN 8 B, HA AnZRAE RN A b A
I o RN BRI B R A R B,
FHEGHE R ™ A I H0E 23 3 2 7 Tl SsOmE (1) A 2
KK BERE, R 8 AT LR H ) BER T B 2k
W R AL B R TI LL e v & TR 4 AT LR W, 7

ET ML A EFS, Cascade R-CNN K HEXT RPN
o A PROREE AR AT RN B SR FH B R S5 4, B D FR A
MIAE ) FHAZ L (Intersection over union, IOU) [#]
&, Bt LIRS I AE A R B T Faster R-CNN Fl Ret-
inaNet. 78 £ M ZSA R, #8814 §E A & 72 Bl
F IO 2% 25 o) B IR T 3 i, ] DA I 2% 1 R T
S LR VERE I — AN R R . GLCM. Gabor.
GMM “54% St () ek I ASE 2 LA I &R Ak |
A ITF-DCNN B8 5 PR 78 - 4 42 v A L 18]
RAFEZ Mt g, BB %, SBUEBARA
£, HIBBAETRAR . R/ANGE R I F R AE 230 2 B
P, RIS [R] —Fop B 70 R AR BB AF A5 2 Fh
G3AT, AEAF AR A DAL 3 58 BER AR OB R AR Se 1
B, PIPT J5 ik HER 20 92.56%, 1% 77 V5K A
UG B A s 4 A @& i RSE D ok 5 T
CNN 73R8 125, BAR AT DUINPA AL 1l 255K
£ AR U R AIE B e 7, (HR AR SR R 45 Hh %
FIME AR 22 S AOR, 43 BB SR FH — N[l e R TG
AT AR A A B b L A R CAE-SGAN
R AL 85.01%, 1ZFHLKs CAE 1 SGAN 45
4, FIH SGAN AN FEARXT CAE #4710, 78
YINZRAE AR B /IS () B A6 12 5% W A < B 20, (HFEAS
RE MR R 50 ST SR AP 1 1) 8 SurfNet Il
S P AN T P I AR R (H A 28 5 A 0
AT B, B HIT R R 2 K N R E A
WYEREA ATk, HAaz Mg et T &g, X T
BAR 405 5000 B AR ToiE 58 B R IE TS 5
sy Bk, DRIRIR 3 MBI A I HE Aff R AR T
ITF-DCNN (A AL 2. X T A SCH2 1 ITF-

R4 ANFBILEAT TR EE 2 L sSei g R (%)

Table 4 Experimental results of different models on the jacquard fabric defect dataset (%)

oallE FF ML mAP biES PRrES TRk
Faster R-CNN ResNet50 65.56 87.40 12.60 1.42
Cascade R-CNN ResNet50 63.77 90.55 9.45 2.85
RetinaNet ResNet50 65.60 53.86 46.13 0.20
Faster R-CNN ResNet101 63.85 88.72 11.28 2.24
Cascade R-CNN ResNet101 64.60 90.35 9.65 1.83
RetinaNet ResNet101 66.52 56.23 43.77 0.12
GLCM — — 64.63 35.37 6.87
Gabor — — 83.87 16.13 1.67
GMM — — 81.32 18.68 1.77
PTITH — — 92.56 7.44 0.94
CAE-SGAN! — — 85.01 14.99 2.65
SurfNet! — — 84.82 15.18 1.79
ITF-DCNN ResNet50 73.41 97.56 2.44 1.65
ITF-DCNN ResNet101 73.92 97.66 2.34 1.14
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Fig.7 The loss curves of models

DCNN R 5 b 32 F M 2454 ResNet50 [ Cas-
cade R-CNN, H mAP $2F 1 15.11%, il v %
FRREFIETE T 7.74% 1 74.18%. 1 £ T W4 &
#i o ResNet101 J&, ITF-DCNN H 71 68 [F] BE 77
TESE =, AT WAz T T2 KA P 1 SO A4 A
& R a0
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Experimental results of the proposed method ITF-DCNN

Fig.8

G WA I 8 S AT 28, (LB 460 9 4 5 4 SE R 1)
TR 2% IR A R R AU s, SR RIE T st ) Y
BRZE M 25 F1 F-FPN [ 2% T 28 W] DL 3 350 A7 [T
P A PR K B8 73 A S8CRFALE.

4.4 ResNet50+ P4& M4 gELEUE LG

AR PSS S, A DG R A7 TR AR
8 S SCHRAE B,, SRR AE B B 1 S SR A ]
e T A 0 (7% UL (V) RF (IE 18 55, (459 4R 1E $ X
W) 28 TC V2 B B H FH ARG U 3B () OGBS S, XX T
A UG B JE PR A D0 B S 2 AN 1. A ke b )
ResNet50+ M 2% 3T ResNet50 #:47 o4idt, HHITE
T B R R S ARILE f, PR  2%
ST R AR 2R TR RE 77, IR SSck i 1R 199 285 %
THEPERERI 52, &K ResNet50 1 Conv
block Fl Identity block 437l # e Ay A SCHE H 12k
HEER, AT S E A MR ZE R, R
J9Ke B ResNet50 Hl ResNet50+ IPEREE 5, t
X PR AT LS, SEEG AR T Conv block
F Identity block A FrANFEFk, HA 1 X 2% 544 15
B SO E DU BRI AR R SEIR g5 R
W 5 fin, H ResNet50+C Hil ResNet50+1 43
MR~ F ResNet50 F1[#) Conv block F Identity
Block % J5 I AL, 5 4 Jo PRS2 (100 A U 4 1 o6
S IHRTE T 1.94% A1 1.34%, 1fii ResNet50+ *f Lt
ResNet50, HAG IR ZA mAP &8 535 8
2.46% 1 1.49%. 7] W4 it )5 i) ResNet504
SEXFAR UG B R R IE A S sRIGR A /e, JRIKTE
T B R I 2% R B T ReLU B3 B8 B0 Iden-
tity block i H (I FR i, FLIE 25 A0 1 5 2HREAE
BIEAT Rl G, R BLSRAL T 58 2 1 AT e .

i

01:0.91

HAt

ITF-DCNN FE 7RG 45 5 P
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# 5 BUJEM ResNet50+ M4 PEREXT HLSRE (%)
Table 5  Experimental performance
result of ResNet50+ (%)

mAP HER % AR It
ResNet50 63.77 90.55 9.45 2.85
ResNet50-+1 63.68 91.76 8.24 2.66
ResNet50+C 64.14 92.31 7.69 3.43
ResNet50-+ 64.72 92.78 7.22 2.91

4.5 F-FPN B9 RELGIESELS

EH 4.3 Pt ITF-DCNN A5 7 5] i i
F 7 Sk Ja 5% 25 458 ResNet50++ F-FPN Al
MFL, SE5GE B 7 Ho A3 D HUBEAS U 14 REHE T 1A
R A RSB 56 UF B ] F-FPN W 4% &5 1)
WA BE IR IR T, (RIS XS 7E F-FPN Hh i A AN [
(s 9 T =0T A R PR 1 BE BRI AT LR . sEIe %
AR ASFH 1 3 F M 45 358 ResNet50, I H#H
Hl Cascade R-CNN 2R 4%, BB G—N%
53 RAT SR R R A, R
N C-1
Loss == Y yi;log(pij) )
i=1 j=0
Hrp, NARARE, C AFINE, yi; BRFE i ME
A K one hot FRZEHIEE j AN &L, piy RoRFEA
NG §RIINER. SEIR A RNk 6 Fros, o] R IG
(1) Top-Down FPN [K A RFAE I 3h 77 17) (1 BR il
FEUEREAE T AR i 2. 1 PANet AHEE Top-
Down FPN &5#4, H3hn 7 —A~ 8 i LR

#* 6 F-FPN IhEeIiEsimgs R (%)

Table 6  Experimental performance result of F-FPN (%)
mAP biRES wREE IRk
Top-Down FPN 63.77 90.55 9.45 2.85
PANet 65.69 92.23 7.7 2.56
fntk F-FPN 70.31 93.65 6.53 1.95
% F-FPN 71.42 96.72 3.28 1.25

B 7 [, S AR B B A R AIE P B & A AT AR L
UL ARSI 0 AR SR it A G AR i
JER) F-FPN M2, SR HRRE R B2 B 1, (H2
FE R LA 33 P R rh R B R A R Y 0 4315 R AT
b9 AN PR B AR A B FAFAE, XLk Top-Down
FPN HHEUS 7 HaF s ROR, B RUE 38 F-
FPN A RT DL E Sl AN [ R AE f i SERE R, X
tehn L €1 F-FPN HAG IR 47, %f b Top-
Down FPN H mAP &7 T 12.00%, ta MR 242
7 6.81%.

4.6 EHT MFL g9s£i&

MFL 3 A5 [5) 2 590 1 3 B0 5o 2% 2R 300 1)
PR AT AL, MR BN B, = w/N,, RN%UE
MEFL W5 7Y P BE [ 2 i, ) B 48 3 B B 1 P17 &
H w, KH Cascade R-CNN NI 2%, ResNet50
o o R 2 Ay R B Br B A S G TN
PR, FL Al MFL gR47 X0 LU S ie, Sege sl ik 7
B, SEBG RN, FL BRI 58 148 7152 280
o Fly P21, 20 R ) o Fl oy B, AR
e AR R F, H2 Y o My BYIE E A TE 41T,

F£ 7 MFL ORI IESLIR 45 3

Table 7 Experimental performance result of MFL
112 R 2 a 5 w mAP (%) I (%) AT (%) R (%)
CE — — — 63.77 90.55 9.45 2.85
FL 0.25 5.0 52.53 70.23 29.77 9.56
FL 0.25 2.0 — 65.62 92.86 7.14 2.02
FL 0.25 1.0 — 64.88 91.91 8.09 2.12
FL 0.50 0.5 — 64.74 91.55 8.45 2.33
FL 0.75 0.2 — 59.27 83.02 16.98 8.50
FL 0.75 0.1 — 58.11 80.85 19.15 7.56
FL 0.75 0.0 58.01 81.22 18.78 7.66
MFL — 1.0 0.618 68.21 94.39 5.61 1.44
MFL — 2.0 0.618 70.12 95.32 4.68 1.68
MFL — 5.0 0.618 68.11 94.50 5.50 1.56
MFL — 2.0 0.100 67.22 93.68 6.32 2.26
MFL — 2.0 0.300 69.03 94.88 5.12 1.56
MFL — 2.0 1.000 69.22 95.17 4.83 1.29
MFL — 2.0 2.000 68.81 94.35 5.65 1.68
MFL — 2.0 5.000 64.38 92.41 7.59 2.42
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%8 R P-FPN MHUR (R SN LI (LA AT (%)

Table 8

Generalization analysis of models using F-FPN on different templates (%)

B 1 Btk 2 Btk 3 Bt 4 B 5

BER 6 B 7 R 8 Btk 9 BERR 10 Bl

HERfI 2R 95.87 96.79 99.67 93.56 91.74
mAP 69.12 69.73 75.37 68.97 67.46

91.11 93.66 99.12 98.23 93.65 95.34
68.12 68.24 75.96 76.82 68.02 70.78

#9 SR FPN WHRERRBIR L AT (%)

Table 9

Generalization analysis of models using FPN on different templates (%)

BB 1 BT 2 BT 3 R 4 BT 5

iR 6 it 7 it 8 AR 9 BERR 10 W

HERf R 91.63 91.04 92.38 90.39 88.34 88.12 91.25 91.75 91.42 89.11 90.54
mAP 62.43 61.75 65.86 62.01 61.99 61.08 62.51 65.63 66.74 61.46 63.07
% %
80 F
100 PN . PN
F-FPN F-FPN
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80 F 60 |
50 F
s 60F N
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40 F 30 F
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20 F
10 +
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(a) Accuracy comparison result
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(b) mAP comparison result
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Fig.11

— 52, AE R B AR SCHT 4 H I leadt 7 vk, EAS
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PETHIE R S /N, R PRAE T 5 3 0 SOEAE B N
B SRRE RIS AE ST LB B, A R T F-FPN
X F A )7 SRR AT I E.

5 REgERE

X T 47 3 T A7 TR 3 1) A DG B A DU 1) A8
ASCHEH T — b R 2 T R AR UG BB A D T
. O IR Bt B ResNet50-+ 3547 UM RE
P2, F-FPN W4 45 K3 i 75 FPN 2 A A
BRAR UG B REAE, X BCBEAT UL B KRR 1) TR AS
AT o 8wl R B8 AT 3 5 R AE T K
HONEAE B RIARE T, R A v A UG B A i 46
HAFTEE IRIBIERE A S AP 4 1) 3L, 3 H 261 FL
Sek ) MFL 512k 06 8. 12451 2% R SO 38 4 28 3 e

Comparison of FPN and F-FPN generalization experiments

B X FLAE AR AR rp = 2R 45 AT A, AT
SRR RS T A BRI A 2 e ). BT AL
et D IR AE AT VE B B B Bl AT Seie, JRAnfE
G5 AR BRI 532 L K T 97 A 2 i e e ) 5
TRREAT LY, SR AE REIE T ASCER 5 R AL
V. B A SR ) 5 VAR A DL BRI Ao I o BAS T
RAFRIROR, HADRA IR KK St 2 8], L+
FEPIANTTIEL: 1) OS5I 2 () L, 521 Tk
Hh A DL B SRE A S I 70 ol BRARHE AL B SR A
FARZ, H RS G X 5T 2 b2 (¥ SO 3R A7 A
DTSR FE —AMEAFIETERI T 1705 2) AT B2 1 [ e
A5 PR B 5 ST TR AT A UL B A I, m] AU AR &F
B 5 SRS FEEAAS I PR Af 22, {ELRE RO 55 2%
FAERESH, AR ES I A, Bk T4k
3 1 5 2 4 RGN I T i i 55 R R 1 ) L

References
1 Zhang Hui, Wang Kun-Feng, Wang Fei-Yue. Advances and per-



870 H ) ¥ i 49 %
spectives on applications of deep learning in visual object detec- 448456
tion. Acta Automatica Sinica, 2017, 43(8): 1289-1305 18 Szegedy C, Lin W, Jia Y Q, Sermanet P, Reed S, Anguelov D
= IR S U A > ; - ’ ’ ’ ? k) ’
%&QI7;;ﬁiij%égi?ﬁfg?;ﬁgﬁfggf)mmlm“EPE(JE%I&}E% et al. Going deeper with convolutions. In: Proceedings of the
: ’ ’ : IEEE Conference on Computer Vision and Pattern Recognition
2 Kumar A. Computer-vision-based fabric defect detection: A sur- (CVPR). Boston, USA: IEEE, 2015. 1-9
vey. IEEE Transactions on Industrial Electronics, 2008, 55(1): 19 He K M, Zhang X Y, Ren S Q, Sun J. Deep residual learning for
348-363 image recognition. In: Proceedings of the IEEE Conference on
3 Chan C H, Pang G K H. Fabric defect detection by Fourier ana- Computer Vision and Pattern Recognition (CVPR). Las Vegas,
lysis. IEEE Transactions on Industry Applications, 2000, 36(5): USA: IEEE, 2016. 770-778
1267-1276 20 Huang G, Liu Z, Van Der Maaten L, Weinberger K Q. Densely
4 Hanbay K, Talu M F, Ozgiiven O F. Fabric defect detection connected convolutional networks. In: Proceedings of the IEEE
systems and methods A systematic literature review. Op- Conference on Computer Vision and Pattern Recognition (CV-
tik, 2016, 127(24): 11960-11973 PR). Honolulu, USA: IEEE, 2017. 2261-2269
5 Chetverikov D, Hanbury A. Finding defects in texture using reg- 21 Cai Z W, Vasconcelos N. Cascade R-CNN: Delving into high
ularity and local orientation. Pattern Recognition, 2002, 35(10): quality object detection. In: Proceedings of the IEEE/CVF Con-
2165—2180 ference on Computer Vision and Pattern Recognition. Salt Lake
6 Ngan HY T, Pang G K H, Yung N H C. Automated fabric de- City, USA: IEEE, 2018. 6154-6162
fect detection —— A review. Image and Vision Computing, 22 Tan M X, Pang R M, Le Q V. EfficientDet: Scalable and effi-
2011, 29(7): 442-458 cient object detection. In: Proceedings of the IEEE/CVF Confer-
7 Yapi D, Allili M S, Baaziz N. Automatic fabric defect detection ence on Computer Vision and Pattern Recognition (CVPR).
. . R . Seattle, USA: IEEE, 2019. 10778-10787
using learning-based local textural distributions in the contour-
let domain. IEEE Transactions on Automation Science and En- 23 Lin T Y, Dollar P, Girshick R, He K M, Hariharan B, Belongie
gineering, 2018, 15(3): 1014-1026 S. Feature pyramid networks for object detection. In: Proceed-
8 Ravandi S A H, Toriumi K. Fourier transform analysis of plain mnes Of,the [EEE Conferenc-e on Computer Vision and Pattern
weave fabric appearance. Textile Research Journal, 1995, 65(11): Recognition. Honolulu, USA: IEEE, 2017. 936-944
676—683 24 ZhouBo, Li Jun-Feng. Human action recognition combined with ob-
) . . . ject detection. Acta Automatica Sinica, 2020, 46(9): 1961-1970
9 Becofet J, Garela-Verela M S M, Abril H G, Torrecilla . Tn- (b, A4, L4 EBRRRIA A RAT MR 1 ED AR, 2020,
spection of fabric resistance to abrasion by Fourier analysis. In: 46(9): 1961-1970)
Proceedings of the SPIE 3490, Optics in Computing’98. Bruges, :
Belgium: SPIE, 1998. 207210 25  Fan Jia-Wei, Zhang Ru-Ru, Lu Meng, He Jia-Wen, Kang Xiao-
10  Zachevsky I, Zeevi Y Y. Model-based color natural stochastic Y'ang, Chai Wen—i]un, ét al. 1.\p phcz?tlons of deep learTung Pe?h—
. e e . niques for diabetic retinal diagnosis. Acta Automatica Sinica,
textures processing and classification. In: Proceedings of the
IEEE Global Conference on Signal and Information Processing 29?}.1 47(5): 98571003._ . = Vg At R RE AL <
(GlobalSIP). Orlando, USA: IEEE, 2015. 13571361 (5, sknl, B, FTEESE, HEAIH, 50, 55 R0
’ ’ VEAENE PRI BT AR 12 W e i R . B Bl G AR, 2021, 47(5):
11  Li Min, Cui Shu-Qin, Xie Zhi-Ping. Application of Gaussian 985-1004)
mixtl.lre model on defect detection of print fabric. Journal of 96 Chen Wen-Shuai, Ren Zhi-Gang, Wu Zong-Ze, Fu Min-Yue. De-
Textile Research, 2015, 36(8): 94-98 tecting object and direction for polar electronic components vi
(R, MR, AT B A B R ENTE SUE SR SN S T SR
JH. Zi8U5R, 2015, 36(8): 94-98) de::g learmng‘ cta il‘ftomatwa S1111cra?:/2w(]21;44:7(7)‘ 1701*1709
(BRI, AEERN, RO, AR, JE TR 22 ST IR BT o0 3%
12 Allili M S, Baaziz N, Mejri M. Texture modeling using contour- B AR RIS 7 AR A 7 k. E sk 23], 2021, 47(7): 1701-
lets and finite mixtures of generalized Gaussian distributions 1709)
and applications. IEEE Transactions on Multimedia, 2014, 97 Wu Gao-Chang, Liu Qiang, Chai Tian-You, Qin S. Joe. Abnor-
16(3): 772-784 L . . ) .
mal condition diagnosis through deep learning of image se-
13 Krizhevsky A, Sutskever I, Hinton G E. ImageNet classification quences for fused magnesium furnaces. Acta Automatica Sinica,
with deep convolutional neural networks. In: Proceedings of the 2019, 45(8): 14751485
25th International Conference on Neural Information Processing (i%}é‘“ X, Se KA, ZRE . BT B IR BT A ST ) H A
Systems. Lake Tahoe, USA: Curran Associates Inc., 2012. ISR LA W H iR, 2019, 45(8): 1475-1485)
1097-1105 28 Zhang Fang, Wang Meng, Xiao Zhi-Tao, Wu Jun, Geng Lei,
14 Simonyan K, Zisserman A. Very deep convolutional networks Tong Jun, et al. Saliency detection via full convolution neural
for large-scale image recognition. In: Proceedings of the 3rd In- network and low rank sparse decomposition. Acta Automatica
ternational Conference on Learning Representations. San Diego, Sinica, 2019, 45(11): 2148-2158
USA: ICLR, 2015, (K35, EW, 1A, R, K, B, 5 T AR
15 Szegedy C, Vanhoucke V, Toffe S, Shlens J, Wojna Z. Rethink- AT AR H 5 RIS LR, 2019, 45(11): 2148-
ing the inception architecture for computer vision. In: Proceed- 2158)
ings of the IEEE Conference on Computer Vision and Pattern 29  Li Liang-Fu, Ma Wei-Fei, Li Li, Lu Cheng. Research on detec-
Recognition (CVPR). Las Vegas, USA: IEEE, 2016. 2818-2826 tion algorithm for bridge cracks based on deep learning. Acta
) . . . . Automatica Sinica, 2019, 45(9): 1727-1742
16  Szegedy C, Ioffe S, Vanhoucke V, Alemi A A. Inception-v4, in- v - ) e v TR DA ST et
ception-ResNet and the impact of residual connections on learn- (Aéﬁ? G LAEJ Ep}’ AR, Bl R TUR I o) RS S
ing. In: Proceedings of the 31st AAAI Conference on Artificial 7L, LR, 2019, 45(9): 1727-1742)
Intelligence. San Francisco, USA: AAAI, 2017. 4278-4284 30 Lin T Y, Goyal P, Girshick R, He K M, Piotr D. Focal loss for
17 Toffe S, Szegedy C. Batch normalization: Accelerating deep net- dense object detection. In: Pr(?c.eedings of the IEEE Internation-
.. L . e i al Conference on Computer Vision (ICCV). Venice, Italy: IEEE,
work training by reducing internal covariate shift. In: Proceed-
ings of the 32nd International Conference on International Con- 2017. 2999-3007
ference on Machine Learning. Lille, France: JMLR.org, 2015. 31 YuJ H, Jiang Y N, Wang Z Y, Cao Z M, Huang T. UnitBox:


https://doi.org/10.1109/TIE.1930.896476
https://doi.org/10.1109/28.871274
https://doi.org/10.1016/j.ijleo.2016.09.110
https://doi.org/10.1016/j.ijleo.2016.09.110
https://doi.org/10.1016/S0031-3203(01)00188-1
https://doi.org/10.1016/j.imavis.2011.02.002
https://doi.org/10.1109/TASE.2017.2696748
https://doi.org/10.1109/TASE.2017.2696748
https://doi.org/10.1109/TASE.2017.2696748
https://doi.org/10.1177/004051759506501108
https://doi.org/10.13475/j.fzxb.20140504105
https://doi.org/10.13475/j.fzxb.20140504105
https://doi.org/10.1109/TMM.2014.2298832
https://doi.org/10.16383/j.aas.c180848
https://doi.org/10.16383/j.aas.c190037
https://doi.org/10.16383/j.aas.2018.c170052
https://doi.org/10.16383/j.aas.2018.c170052

4 VR AR T IR 27 2] A U VT FEOEAS: DN 77 v 871

An advanced object detection network. In: Proceedings of the
24th ACM International Conference on Multimedia. Amster-
dam, The Netherlands: ACM, 2016. 516—520

32  Celik H I, Diilger L C, Topalbekiroglu M. Fabric defect detec-
tion using linear filtering and morphological operations. Indian
Journal of Fibre and Textile Research, 2014, 39(3): 254—259

33 NgMK, Ngan HY T, Yuan X M, Zhang W X. Patterned fab-
ric inspection and visualization by the method of image decom-
position. IEEE Transactions on Automation Science and Engin-
eering, 2014, 11(3): 943-947

34 Ren R X, Hung T, Tan K C. A generic deep-learning-based ap-

proach for automated surface inspection. IEEE Transactions on
Cybernetics, 2018, 48(3): 929-940

35 Celik H I, Diilger L. C, Topalbekiroglu M. Development of a ma-
chine vision system: Real-time fabric defect detection and classi-
fication with neural networks. The Journal of the Textile Insti-
tute, 2014, 105(6): 575-585

36 Bissi L, Baruffa G, Placidi P, Ricci E, Scorzoni A, Valigi P.
Automated defect detection in uniform and structured fabrics

using Gabor filters and PCA. Journal of Visual Communication
and Image Representation, 2013, 24(7): 838—845

37 LiY D, Zhao W G, Pan J H. Deformable patterned fabric de-
fect detection with fisher criterion-based deep learning. IEEE
Transactions on Automation Science and Engineering, 2017,
14(2): 1256-1264

38 Jing J F, Ma H, Zhang H H. Automatic fabric defect detection
using a deep convolutional neural network. Coloration Techno-
logy, 2019, 135(3): 213—223

39 Raheja J L, Ajay B, Chaudhary A. Real time fabric defect de-
tection system on an embedded DSP platform. Optik, 2013,
124(21): 52805284

40 Tao X, Zhang D P, Ma W Z, Liu X L, Xu D. Automatic metal-
lic surface defect detection and recognition with convolutional
neural networks. Applied Sciences, 2018, 8(9): Article No. 1575

41 He D, Xu K, Zhou P, Zhou D D. Surface defect classification of
steels with a new semi-supervised learning method. Optics and
Lasers in Engineering, 2019, 117: 40—48

42 Arikan S, Varanasi K, Stricker D. Surface defect classification in
real-time using convolutional neural networks. arXiv preprint
arXiv: 1904.04671, 2019.

WERE ERETR¥AERYS
TREAEBE R . W ST W L
) RS

E-mail: xuyuge@scut.edu.cn

(XU Yu-Ge Associate professor at
the School of Automation Science

and Engineering, South China Uni-
Ver81ty of Technology. Her research interest covers ma-
chine learning and intelligent computing.)

o ERMETREANWEYS
TR Bt o Fe A 32 BRI T 1A

NUREES 2, THEAIALSE

E-mail: tdlming@163.com

(ZHONG Ming Master student at

the School of Automation Science

and Engineering, South China Uni-

versity of Technology. His research interest covers

deep learning and computer vision.)

REF BYIRFHLE S 6] TR
B . EEWITTT AN H s i,
ST AR, RHEE, FiRE sk, AT
BRE. ASCEFEER.

E-mail: zzwu@szu.edu.cn

(WU Zong-Ze Professor at the
School of Electromechanical and
Control Engineering, Shenzhen University. His re-
search interest covers automation control, signal pro-
cessing, big data, knowledge automation, and artificial
intelligence. Corresponding author of this paper.)

SR 2016 G 3RAGHTTL R A2
HOg S s TR T, 3
WEFLTT 1A B AP, il | 3k,
N T RE

E-mail: renzhigang@gdut.edu.cn
(REN Zhi-Gang Received his Ph.D.
degree in control theory and con-
trol engineering from Zhejiang University in 2016.
His research interest covers optimal control, knowle-
dge automation, and artificial intelligence.)

XUFRE 2019 F3R1F P4 2 A58 K
SRR RS U T e S o
WEFEIT 10 IR IE 22 2], Tk B
E-mail: liuweisheng1992@outlook.com
(LIU Wei-Sheng Received his mas-
ter degree from the School of Elec-
tronic and Information Engineering,
Xi’an Jlaotong University in 2019. His research in-
terest covers deep learning and industrial quality in-
spection.)


https://doi.org/10.1109/TASE.2014.2314240
https://doi.org/10.1109/TASE.2014.2314240
https://doi.org/10.1109/TASE.2014.2314240
https://doi.org/10.1109/TCYB.2017.2668395
https://doi.org/10.1109/TCYB.2017.2668395
https://doi.org/10.1080/00405000.2013.827393
https://doi.org/10.1080/00405000.2013.827393
https://doi.org/10.1080/00405000.2013.827393
https://doi.org/10.1016/j.jvcir.2013.05.011
https://doi.org/10.1016/j.jvcir.2013.05.011
https://doi.org/10.1109/TASE.2016.2520955
https://doi.org/10.1109/TASE.2016.2520955
https://doi.org/10.1111/cote.12394
https://doi.org/10.1111/cote.12394
https://doi.org/10.1111/cote.12394
https://doi.org/10.1016/j.ijleo.2013.03.038
https://doi.org/10.1016/j.optlaseng.2019.01.011
https://doi.org/10.1016/j.optlaseng.2019.01.011

	1 研究现状
	2 布匹瑕疵检测问题描述
	3 布匹瑕疵检测模型构建
	3.1 基于通道叠加的特征提取网络ResNet50+
	3.2 冗余特征过滤网络F-FPN
	3.3 MFL损失函数

	4 实验分析
	4.1 数据集构建及实验设置
	4.2 数据集增强前后模型性能对比实验
	4.3 ITF-DCNN布匹瑕疵检测模型的性能验证实验
	4.4 ResNet50+&nbsp;网络性能验证实验
	4.5 F-FPN的性能验证实验
	4.6 基于MFL的实验
	4.7 模型在不同模板上的泛化性分析

	5 总结与展望
	参考文献

