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Research on textile defect detection method
combining attention mechanism

ZHOU Zaiyong', DI Lan’

(1. School of Atrtificial Intelligence and Computer Science, Jiangnan University, Wuxi 214000, China; 2. School of Digital Media, Ji-
angnan University, Wuxi 214122, China)

Abstract: This paper presents a textile defect detection model called SAAM-YOLOX, which is based on the improved
YOLOX. The model aims to address the issues of false positives and false negatives in textile defect detection, particu-
larly in detecting Houndstooth and Gingham backgrounds, as well as the problem of overall low detection accuracy. In
the feature extraction stage, the model introduces a multi-branch discrete cosine attention mechanism (MDCA) based on
the discrete cosine transform to address false positives and false negatives in the Houndstooth and Gingham back-
grounds, and thereby improve the detection accuracy. In the feature fusion stage, the SAAM-YOLOX model adopts
scale aggregation technology and attention mechanism to construct a scale aggregation attention module (SAAM) to ag-
gregate and enhance semantic features of different scales. SAAM uses bilinear interpolation combined with self-atten-
tion mechanism to enhance validity of feature information in the upsampling process, further improving the detection ac-
curacy. After completing the scale aggregation, an attention module is added to enhance the mixed-scale feature repres-
entation, ultimately achieving the goal of improving detection performance. Experimental results demonstrate that the
proposed detection model can effectively solve the problem of false positives and false negatives in Houndstooth and
Gingham backgrounds, and improve the accuracy of defect detection.

Keywords: attention mechanism; scale aggregation; bilinear interpolation; discrete cosine transform; multi-scale feature;

feature fusion; textile defect detection; computer vision
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sion, mAP), T L H' mAP % /R mAP@0.5:0.95,
77 2T SRR B A 1 32 P(precision) Fl# [H]
R R(recall),

N
P — TP
Nrp + Npp
N
R — TP
NTP + NFN
1
A= L P(R)dR
C
A
i=1
Map = T

U H: Npp(true positive, TP) Ay 1F B T () 1EFE AR
L, Nep(false positive, FP) A4 5 Fi il it (F £ AR
A, Npn(false negative, FN) SA 5 12 AU () £ FE A
e
32 HBESEIS

R T B EAS S R A SO Rz AR, AR S
f£ ZJU-Leaper 25 81 S BRBEE IR 4E LA 2115 =
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THALS S, DIORIEAG 20 LB AR ER N 480 G1_3 FAI54L, G124 Groupl #{kZ 51l
HlFI MDCA | R BEE R AR SAAM LUKl A F %5 K iilik; % 2 b G2 1 4 Group2 " A E %,
SRAERLH 5 it 1) SAAM_up BEERXT L1 BRBE G2 2 IR A AELL, G2 3 MHIEEL, G2_4 JFT 454
K )& . Groupl ., Group2 SZH6 45 W WL & 1 A 40, G2 4 Group2 # & Z 51145 Je ik . GFLOPs
# 2, F£1MGI_1 K Groupl Hhalifh, G1_2 MM NEEESEHE, Size R KN,

1 Groupl HIEEHMEIWER

Table 1 Results of Groupl dataset ablation experiment

M MDCA  SAAM  SAAM up —— mAI?@O'S/% — m,AP/% BB 8/GFLOPs  Size/MB
- DR o E P EER O K3 ps

— — — 80.57 52.04 6631 4537 2316 34.50 4.26 68.00

- \ — — 7959 69.10 7434 4723 3461 40.92 4.23 64.97
- \ \ — 7848 69.46 7397 4746 3528 4137 8.10 129.81
\/ S S 81.59 6770 74.64 4855 3748 43.01 8.80 136.33

— — — 75.13 5648 65.81  40.61 2738 34.00 4.26 68.00

Gl o \ — — 7632 6633 7133 4634 3778 42.06 4.23 64.97
- \ \ — 78.02 6556 7179  46.11 37.08 41.59 8.10 129.81
x/ S S 7628 69.14 7271  46.58 3817 42.37 8.80 136.33

— — — 81.41 6337 7239 4499 311 3805 4.26 68.00

ol 3 \ — — 87.83 6827 78.05 57.83 3592 46.87 423 64.97
- \ \ — 88.54 6774 7814 5972 3571 47.72 8.10 129.81
\ \ \ 89.15 70.82 79.98 60.88 37.07 48.98 8.80 136.33

— — — 7434 7500 6443 4088 4498 33.92 4.26 68.00

ol J — — 8129 67.66 7448 4951 3626 42.89 423 64.97
\ \ — 81.67 6757 7462 50.11 36.89 43.50 8.10 129.81

\ \ \ 82.88 6723 7505 50.16 36.98 43.57 8.80 136.33

R 2 Group2 HIIEEHMIIWER

Table 2 Results of Group2 dataset ablation experiment

Y MDCA  SAAM  SAAM up —— mAI,)@O'S/% - — m‘AP/% - JEEH/GFLOPs  Size/MB
- PR TOE - S = DR A o

— — — 76.79 5198 6438 4757 2660 37.09 426 68.00

o J — — 7753 64.63 71.08 4873 3558 42.16 4.23 64.97
- J J — 7845 6563 7204 4892 36.65 4278 8.10 129.81
\ \ \ 79.76  66.57 7316  50.05 39.22 44.62 8.80 136.33

— — — 82.92 5504 6898 5179 2859 40.19 426 68.00

o 5 J — — 86.53  64.66 7559  55.69 3461 45.15 4.23 64.97
- \ J — 8730 6923 7826 5729 36.67 46.98 8.10 129.81
\ \ \ 88.28 69.73 79.01 5755 37.15 47.35 8.80 136.33

— — — 7724  60.10 68.67 47.44 2946 3845 426 68.00

J — — 7844 6416 7130 4929 3336 41.32 4.23 64.97

023 J J — 79.44 6435 7189  50.14 3592 43.03 8.10 129.81
d \ \ 80.76 69.23 7499 5211 3739 44.75 8.80 136.33
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gk 2
7M. MDCA SAAM  SAAM up = ?ﬁmmggy/% = p— m?;;gg% = 2% #/GFLOPs  Size/MB
— — — 5631 73.96 65.14 2741 3929 3335 426 68.00
o 4 J — — 5634 7242 6438 31.69 4157 36.72 4.23 64.97
- J J 60.78 7340 67.09 3132 4261 36.96 8.10 129.81
\ \ \ 61.08 7381 6744 3331 4273 38.02 8.80 136.33
— — — 68.57 56.85 6271  39.56 46.78 33.88 426 68.00
- J — — 75.05 6899 7202 4738 36.18 41.78 4.23 64.97
J J 7495 69.67 7231 4751 39.00 4325 8.10 129.81
J J \ 7545 69.77 72.61 4757 39.52 43.55 8.80 136.33
W 1,4 2 R, AR SCT YOLOX Hefiy b ok,
FEH T M4 A MDCA, 7 i 5 5 10 25 20 5 38
E A WA BE i A 2 7, Hod Groupl 19 mAP@0.5%
$27+ 10.05%, Group2 $& T+ T 9.31%, 4& FHRUREL MDCA §
A, IEAE TT LA H MDCA X} T BRBERFAE (1
$& WRURE ) A B R T 5 TERRAE Rl & M 25 o A
SAAM FiH 5, Groupl ) mAP@0.5% $2£ 7 0.14%, SAAM §
Group2 $2F+ T 0.29%; 1 76 MU #E JiL SAAM B3kl :
SAAM _up J&, #5081 HEAE (5 B A %M, Groupl
[t mAP $27} 0.07%, Group2 #27+ T 0.3%; 1] LI SAAM up §
AT SAAM K Bt J5 19 SAAM. up A= He X 46 F -+
W Group2 3ok 25 7 5 5 fy 52 4% (1) 3BLAE 2 71 i @O0 @@
R, E$ EmISEELL
A 8 jﬂ(ﬁﬁﬂ;%\ %?EIZDM‘ [i[ﬁ, 0. x1. %2 ﬂi]‘% Fig. 8 i(:;lt[s)arison of feature maps in ablation experi-

ERAER R R NENN R (RIS S Y =)
i MDCA 55 RIR ai 1 XoF UL 4 AIE 1) 2 B g
T3, FEAE DT R H SRR A B D 5 5 il AR A
ERLA PRI SAAM BE8 5, FRAE I <1 13
DX I 5t DAY 25 53 X LUASOR AT — A W] 2 1Y
B 5] ABHES B SAAM _up J5, FAE
T DX 38 11 320 5545 P o 3B 1) T 5 ) &
RAGETH T RIS

33 XFEbsLIE

R T 2 A A OB RN T 27 21 R
P fE, 3T ZIU-Leaper 25 23 & BO0E 55 5 4,
P A SRR AL faster_RCNNm . cascade_RCNNm] N
yYOLOv5™, YOLOR™”, PPYOLOE™, YOLOX"",
YOLOv7™ 1 YOLOv6"™ &5 3 A5 F A Wl 455 750 3
X E o S50 B R A KNG — R 256%256, 58
25 R L 3 Kk 4,

% 3 Groupl HIE&ELWETLL

Table 3 Experimental comparison of Groupl dataset

oy - mAP@0.5% — mAP BB H/GFLOPs  Size/MB  f&Hiidi /()
NP K11 J5) NP - E ps
faster RCNN 8090 6280 71.80 4440 29.60  37.00 131.40 158.40 65.20
cascadle RCNN 8120  62.10 71.70 4540 3030  37.80 158.40 265.00 55.60
YOLOVS s 7824 5927  68.66  48.15 3050  39.36 15.80 13.70 101.90
YOLOX 81.69 6129 7149  47.13 3295  40.04 4.26 68.00 214.20
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mAP@0.5/% mAP/% -
K _ - i85 H/GFLOPs  SizeMB  f&HIHAR/(fs)
LERT O K B miEt A B
YOLOR_p6 82.77 6131 72.04 49.01 3429  41.65 81.56 142.68 122.50
YOLOR _csp 81.68 o64.16 7292 50.75  35.83  43.29 120.63 202.36 141.80
PPYOLOE 7720 6480  71.00 44.10 3350  38.80 17.36 58.53 79.22
YOLOvV7 84.03 6289 73.46 48.60 3230 4045 103.30 71.30 106.70
YOLOvV6_s 79.60  63.10  71.40 52.00 3580 43.90 44.11 36.25 359.07
SAAM_YOLOX  82.88 67.23  75.05 50.16  36.98  43.57 8.80 136.33 257.65
Fz 4 Group2 HIEE XTI
Table 4 Experimental comparison of Group2 dataset
mAP@0.5/% mAP/% ~
) - — iz H/GFLOPs  Size/MB  f&HIEF/(fs)
LR K B LERC K B

faster RCNN 7720  67.00 72.10 42.50 3290 37.70 131.40 158.40 65.20
cascade_ RCNN 7730  66.00  71.60 44.60  33.70  39.10 158.40 265.00 55.60
YOLOVS5 s 72.64  61.15  66.83 45.19 3246  38.92 15.80 13.70 101.90
YOLOX 7535 6383  69.59 45.61  34.39  40.00 4.26 68.00 214.20
YOLOR_p6 76.34 6390  70.12 4743 3579  41.61 81.56 142.68 122.50
YOLOR _csp 7583  66.13  70.98 48.02  37.58  42.80 120.63 202.36 141.80
PPYOLOE 7550  62.70  69.10 43.80  32.60 38.20 17.36 58.53 79.22
YOLOv7 7751 6549  71.50 47.03  33.79  40.41 103.30 71.30 106.70
YOLOV6 _s 7390  65.10  69.50 48.80  38.10  43.40 44.11 36.25 359.07
SAAM_YOLOX 7545 69.77 72.61 47.57 39.52  43.55 8.80 136.33 257.65

3% 3, 7F Groupl H A SCHLRYAE LR IE 2 FE (1)
[Fi] B 7 K6 0K BE mAP@0.5 1 %of b JH 485 750 35 %)
T R {E 75.05%, 5 ) 2 R 4 25 Fl 15 15 Sk DL X
3 R I A58 X 1) B A A T 2 38 B 67.23% 1T
TEFR 4, AU AURNE &2 mAP@O.5 i /& mAP
HBIK B B AE, 2 B 72.61% . 43.55%., MBI
AT A3 AT A SORE TR A 35 S5 B N A2 4 A 1 1 T A
AR B Al A R TN o

AR SCHRE T AE 2 A 21 5] v A LA A A 1) R
RO, EATROEE/IN, A7 380 038 F 5 X 2
SUH S S AT LA ARG A B, LA R I
e

1O 25 T AR SCASE A 5 T Al A 78 iy A ) 4 SR
X} E, Hid YOLOR AR A 2% B 55 AI%, % i 5t T4k
IFRBLRE 1A 2, T I AR g b Fff 2 3] H5OIE A0 R 1
58, SEURE B L YOLOVS s RZ B A
&, BN TGk 70 40 AR AR B B PG e 1 o
GBI HRAE , DT 5 0B 43 L A Bl 56 5

Ror i 2], AF AR AS 52 HE B[R], YOLOVT 28 48
Fa A 351 75 1 B 25 2 SO R I AT 55 1 52
PE, PR BB R BRERRAE RIKRE AR, FEw A
K AS 52 4 14 1] f5 5 J5L YOLOX X T 45 41 s 3BAIE
1Y ROBE 3 FCPEANE, 75 R AL 5% 807 5t 8L
WA FIIR K15 0 ; YOLOV6 s A6 I R4 SR A o, (LA
RUXE T /0N H b 3CHE R IO 20 2% 1 47 2 52 JUA 58
4, TE/N B bR BRI DL K HOE i %A I A% R 55 T AR
SCRERY AT DL AR SORE RS TR ARG DU S8R b
MAEHY BRI AELC S A% B0 SRR A, 110
25 M T AR SRS RN G b AR R A R X L, %S
Sk AR IO RS R 58

ME] 10 #1557 LA B, YOLOVS_s, YOLOX #ii
YOLOV7 32 3|15 552 W 38 K, F7 75 K it iR
G AN 56 e S5 ), 3R BRAE 2 Th o mAP (B BV
PR 11 YOLOV6 s 5 A SCHIAY SAAM_YOLOX
IR AT A B, Hoh YOLOv6 72/ H
I HAE 32 25% 35 4 A R 38 B AR SCABE AU g A T 2SR
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Fig. 9 Comparison of test results
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Fig. 10 Comparison of detection results between houndstooth and gingham backgrounds
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Table 5 Experimental comparison between houndstooth and gingham backgrounds %

mAP@0.5 mAP
sl
151 sk B 151 sk p=N

YOLOVS_s 65.20 39.80 52.50 38.20 15.70 26.90
YOLOV6_s 82.50 64.10 73.30 55.80 36.70 46.30
YOLOvV7 50.90 520 51.50 29.80 23.50 26.70
YOLOX 70.16 36.13 53.14 26.43 13.52 20.47
SAAM_YOLOX 84.62 68.88 76.75 54.22 37.58 45.90
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