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Non-woven Fabric Real-time Defects Detection Method and Framework Design

DENG Ze-Lin' LIU Xing® DONG Yun-Long' YUAN Ye"?

Abstract The defects generated during the production process of non-woven fabric will seriously affect the quality
and limit the efficiency. How to improve the automatic degree of non-woven fabric defects detection plays a signific-
ant role. The traditional defects detection methods cannot deal with the changing of texture, defects type and envir-
onments, which limits the application scope. In recent years, the methods based on convolutional neural networks
(CNNs) have been widely used in the field of defects detection, which are shown to have the characteristics of
strong generalization ability and high accuracy. However, in the non-woven fabric production process, the large
width and high speed of cloth will introduce huge amount of image data, which makes it difficult for CNN based
methods to achieve real-time detection. In this paper, a real-time defects detection method based on stable ex-
tremal region analysis and CNN is proposed, and a distributed computing architecture is designed to handle the
problem of large image data stream. In the actual deployment application, the system designed in this paper does
not need specific computing hardware (GPU, FPGA, etc.). 8 industrial computers and 16 industrial cameras are
coupled together in a distribution scheme to finish real-time defects detection of non-woven fabric rewinder with
cloth width 2.8 m and speed 30 m/min, which greatly improves the automation and production efficiency. The sys-
tem proposed in this paper can achieve 100% recall rate of punctiform defects above 0.3 mm and 98.8% recall rate
of 0.1 mm filiform defects.

Key words Defects detection, convolutional neural network (CNN), real-time processing, distributed architecture

Citation Deng Ze-Lin, Liu Xing, Dong Yun-Long, Yuan Ye. Non-woven fabric real-time defects detection method
and framework design. Acta Automatica Sinica, 2021, 47(3): 583-593

RS F 1 2020-06-22 A H 1 2020-08-14 oY B A 5 v B R B S AR A

Manuscript received June 22, 2020; accepted August 14, 2020

E R HRRHEIE 4 (91748112) )

Supported by National Natural Science Foundation of China
(91748112)

AXTULEIZE Wi

Recommended by Associate Editor YANG Tao

L AEREOR S N TR RS B3l 2Bt i 430074 2. 4B
LRSS BRI S TR i 200237 3. SRR R4
FHIERZ S EAREFEGLIE KX 430074

1. School of Artificial Intelligence and Automation, Huazhong
University of Science and Technology, Wuhan 430074 2. School
of Information Science and Engineering, East China University of
Science and Technology, Shanghai 200237 3. State Key Labor-
atory of Digital Manufacturing Equipment and Technology,
Huazhong University of Science and Technology, Wuhan 430074

L, AR VR TR A A5 B2 T 7 2 Y B R
RO, ARG AT S bn AL = il A v, oA I &
SREE. B BLE A R TC g5 A B A A K
RN TR, AR AR,
PR SRTE. Tgifn  BK, SEhRE MR
P AT i J LK /min. T JE G5 AT A FEORE N RE i
HNTF 0.5 mm (W1 FroR), RO AR HE
JE R K 2R AR AR 2 LAy B (e i, R &
A B3 RSN 0 R ST I T A 7 R, W i R e 4



584 H 3

(8

S 47 %

W1 gl RE b AR ROBOE, 25 14T 9 RO A

2 AT LRI

Fig.1  Defects generated in the production process of

non-woven fabrics. The dotted defects and filamentary
defects are shown in the first and second row

A A B A LU A BB It RE . N Al 7 s0AMY
B2 7 TegiAn =R, i HLAE A [a] ksl o s A 514
Oy RAMWIEST, 4w B EoI N T P E R
D] S T Je ot J6 275 A1 3B sh A U R RIE 72, 5 92
GIAT AP R A B AT R = L

H i A UG R B sr I 077 32 2 ] 23 g 4 K0
BT HE BTGk AT R T 2 ST
TP 32 B 0 i e B AR /N AR 4 ) R
Gabor!™ A4 5% e i Al BL AR 6 (1) 7R TR AE
6] b e A AL B . /N A1 Gabor A28 #: (1) 11
SETTFAH R, HELUR T A2 7= el 1 v i) S A . T
ittt 57 Bt K FE LA SR AT S
ETT N AT AR R IA , X R TTVEM TR T4
s AR 0f i HE A M 7 R, LR A TR R
B TR J7 vk it 5 ] AR RN R B R BEAL
AR A0 W R R SURE R B AT A A A H
BT BRI 7 1R S AN SR, 3 JUAE X AR T b

VT AR BB IR B S BRI R &, HE TR FE 2
Y TTIEAEAT TR i 1 DL K A & SR FE 1 1)
or il rh A EAS T ARGF I OR . RN A R A T
BRI N R SR AR Ik R BRI T 4
P BRSO BT ) BRI 7 R T 4y i ade IX ek
F1ty g By s R i 381 i 0 B B B, G e i ide X 3 )
PR B AR TV EA B R m A R, Tz M T
A5 A5 VL IBOEAE N 1) % 2R SR Bk AT 55 . R T X
WERMEAE ML (Region convolutional neural net-

work, R-CNN)® {4 VT HAE A Wl 77 v 8 ik 3 05
15 R AR UE G BT R 2000 RS 48x48 B3R I
B, IRk ER IR AN, DL W 28 /R R —
A e KA AW A BHR Pu B AFE I H
XM IR TR R, HME DU T e i A i
F£T Fast R-CNNE21 (1) 4 UL st ks ) 50 0%, d i
T 15 2 IRV RRAIE P P e g 3 X 4 DA w3 L2
TG R fa RS @ 5 /N T 0.5 mm, fE4 I B
J B 1 2 SRR B R AR A SRS B AR, TR IX
Toh 7 3 1 0 0 [X 3 25 5 a8 s R IX .

H HX T JC 5 A0 B s A I A e /b, 32 A
P30 246 0 5 3 245 BB AH 45 6 1 248 LA L o
VRS T VA R R I R LR R A
o] ZR R, A FEN DU T 2R e s ksr I 2 T 1
KREWF, T IREME N 7 EE e T+ 7
For I ) 4 ] 28 AR BE, (R A I AR AR SRR T . X T
256 %256 15 3 LB -F- I RIIFERT £ 198 msP,
ToVE S TC YA B SERT AT N EE R . T A A e il
A DG B FE R A0 0l R AR e = AR R
1G5, T B RGN 2 1 WL s ke I T v
DL A& TG g5 A ks I B S i . DRk, H AT O A
TUREE 2 ST RN 5 vE e i B N T 2 YA
(1) S B AN

ZR ERTR, BT S LA A I T v
TEAH KB DUIE B 75 () 4. 6T e g3 H RSE
TR/INEIHE 5, R 2 T 28 X 4% PR AT DT A N g v
DLTA i s 0 7 3 B 2R A0 AR5 AR SCHR T — FhdE T
I K AR 8 AR DX 330 AT R B2 27 ) W3 8] A JE 27 A B
RS I 73, R A (] BT SRS WU FROAS 5 e R
M ELE TR

1) $&H 7 —Fh T f KRR e B AR X IR IR 2
2RI C i An B A 7 v, T TR gt A
77 Tk R R BEAE SIS A

2) 8 f KRR E B X 3 (Maximally stable
extremal regions, MSER )™ 5y $i& B 1% [X 4811
B R TE AN ARG 23 P SRR WUKS FE R4 LR
A R R I ) R

3) it 7 — Mg A 2 TC G A e s S A R
g, BN TR ) Sl E W R K, fEm TR
HISAT A SEE.

1 e EE

ARSCHEH T — I T d KA A DXk i A
TR 5 21 W R B JE G A Soip e I ik, S il ks
M ATUAR Wt ARG 00 4 R AGL U 14 7 ORI RS P 5 280



3 XBEEIREE: TG A SERH R A 5 R 488 585

1.1 fEEXEAE K

RS 52 P I B X 3 A 7 &= X
WA T BEER &N ERZE T %
ISR REAS WU A R T B P T v ) X i T
TR A A X At 22 M DA R S RS I K
T EAREAIE P A 3k B A i X 380 7 32, 22 st /N
TLiATME .

W 1 AR, T LUE BTG5 A B SUE R S
BRI ) IR FEARLATAE 22 57, TR AR SO Ao e KRR 5 W
X% (MSER) ki B ik X 35, MSER /£ A—
PG rb B 5 DX IR I 1) 5 v, i T G R SR X
BRI AT 55 T TG 93 A I8 Rk R ORI
AR S S5 Z2AHLL. MSER JE 7 - AL #LHD
AT PRI G 22 RO H AR T AL, IR g A R AN
5 RSF 5. MSER 198244 @it — R 51 1
B0 R B AY PR B AT B AR A, ISR BUAN [
(B 26 A T B MR B [X k. 43 B 2% AN B [X 5k
{140 TR A o o] 38 K B (1) 28 A 2R BRI [X 3k i %
TEAR T 1 BBVl 9 AR B/ TR AR AL 2R TRy
FesE X4, HSehEgn s W Bk 1 fras. MSER #] LA
A R A A R RPRE R i X 38, I B AT DL i
HERAE 7 DA A2 0 A [ 45 25 ol e P e s ol 225K

BE 1 KRR e AR E DX

BN KIS EUGBIE 1, 7 e RY.

S, 0 AR P

BT 1. RIS G KB b = max (1) 552/
AL toin = min(I,), FeRFEE KIRYIIAILN I, = O, HIUEILE
Bt = tyin + 1.

o~ oA

(a)

ye=20

‘/'_fg,% 2. eriﬂ'fa t— 1, t, t+ 1. EEP te {tmimtmin + 17
tmin + 27 e 7tmax}, Xj—j’)_(‘g EH% Ig j&'?flﬁ'fﬁf%'f’ﬁf%i”:'fag
BB 1 =(Iy<t—1), Be=(Iy<t), Biy1= (Ig<t+1).

B3, X By, Bi, By RKECHEI{QI_ |, Q Q%
‘Z: 1’27 7M}

FRAUTHBGEK Q) _,, Qi, Qi WM A;_,, A}
Al
PR 5. WURIGE DR BE R E AR A AL, — AL/
|AY] <, TUSRIX SR e Xk, ff 1, = 1, u Q.
HIB 6. WIH t < tonax, W e AIE 1, EELIE 2 ~ 5.
S 7. BB KRR X I 1, X R U A0 45k 1B 3 1k,
FLIBCIR AP 5T O A AR B g ik a2 ALK P

MSER. ] DU A2 2 B TP s s, a0 &l 2
fis. i MSER SR AU T L 5, BRI &1
NG IRET 48 %48 & 2 K/ AR E X3 AR Dy itk
DU RS B e DU ABE TR PO BN

1.2 FusemiRsy

AR BN TARAE mE BT, B e i TR I 5%
5 AT UG, 200d MSER Sk e iz X
s, Tk NS AL A D = o6 70 SR A W gk e [X 3K
TAFAERNE. N T B i AL 3R A R A S 2
36 RO R AR AL, AR 7R v A 1 b AL 2 R 2
PR Z 8, PAORAIE RS TN A 1 4 [m] .

Tivker I R AT SE A AT 3 T, BTN 48 x 48
BERMEBREE 1 x1, 3x3, 5x5MEHZEEET
3 ANMRFAE I, 3 A AS A RUBE 6 AR A% AT LA SE DA [A]
KANHEZ I, SRR B SR E 880, K 34
AL B B A oM 3 A e N, A

(©) r=30 (d) 2= 40

K2 FEAFEEIE 7 1 MSER Sk A2 5k X, B vh s AR AR DX Sl v
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Fig.3  The structure diagram of the pre-detection mod-
el used in this paper. The input defect image is convolved
at three different scales to obtain three feature maps, and
the feature maps are concatenated as the input of the de-
nse block. The output of the dense block is connected to
the fully connected layer and the softmax layer. Among
them. The dashed rectangle outlines the specific form of
the dense block
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Ly, ty,tw,tp are the abscissa, ordinate, width and height

of the detection rectangle, and C' is the confidence of de-

fect detection
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(a) The design schematic diagram
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Fig.7 The overall composition of the non-woven defect detection system. In the design diagram (I) represents the
industrial control machine cluster, (II) represents the high-peed industrial camera, and the light from the
camera represents the camera's field of view. The lower camera group is used for pre-detection,
and the upper camera group is used for precise detection
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Table 1  Training hyperparameter configuration Table 3  The detection accuracy and recall rate of the
BECRH R model under different thresholds
LN 48x48 Ry B 6 BE (%) H 12 (%)
EREHL 100 =120 73.0 100.0
e 1x10—4 Fiko =130 80.5 100.0
IR T 0.99 T=A0 86.4 99.3
FERAK A 8 7= 20 86.1 100.0
LS Adam® A 7= 30 94.5 100.0
T=40 98.4 99.7
* 2 HRESH
Table 2 Hardware device information * 4 BERITUEEENL (ms)
P P Table 4 Model prediction speed test (ms)
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Fig.10

The result of defect detection through the algorithm of this paper
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Defect detection results under different lighting
and texture conditions
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Table 5  Testing accuracy and recall rate of different
types of defects
e 2T WETRE (mm) HAFHEE (%) FERE (%)
SORTEE > 0.3 100.0 98.8
0.1~0.3 99.6 98.3
YR TEE > 0.1 98.8 98.6
0.05 ~ 0.1 96.8 97.2
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