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Abstract: A convolutional neural network (CNN) can be used in the industrial production environment to
identify and classify textile defects. To overcome the problems in the visual discrimination of small defect
types and imbalance of textile defect categories in actual scenes, a textile defect recognition network
(TDRNet) based on label embedding method is proposed. First, the backbone structure is adjusted to im-
prove the classification accuracy of the model. Then, a label embedded module (LEM) is constructed to
generate the category weight offset of the model. Subsequently, a distribution perception loss function
(DP loss) is proposed to adjust the class distribution of the algorithm ; this reduces the distance of homoge-
nous defect features and increases the distance of heterogeneous features. Finally, the seesaw loss function
is introduced to dynamically balance the gradient update for different samples during the model training pro-

cess by suppressing the negative sample gradient of a few categories and increasing the sample loss during
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misclassification, thereby alleviating the misclassification rate of a few categories. In the self-made

"Guangdong intelligent manufacturing” cloth defect classification dataset, the topl error rate of our frame-

work for rough-grained and fine-grained classifications reached 16. 35% and 17. 12% , respectively, where-

as the top5 error rate of fine-grained classification was as low as 5. 20%. Compared with other classifica-

tion models, TDRNet achieved the best results. In addition, TDRNet was compared with the classical

fine-grained classification model in recent five years and achieved state-of-the-art (SOTA ) performance,

fully demonstrating the enhancements provided.

Key words: convolutional neural network; textile defect recognition; label embedding; distribution per-

ception loss; Seesaw Loss
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Fig.2 Overall of TDRNet architecture when training
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[1x1,128] (11,128
Conv2_x 90X 90 2 3X 3,128 | X4 3X 3,128 |X 4
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Fig. 4 Example of textile defect category
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Visualization of rough-grained classification data distribution
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Tab.2 Defect Category of GDIM-CD
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Tab.3 Experimental environment of TDRNet

BT 44 P TR A5 /A AR
CPU Intel(R) Core(R) i7-10700KF@3. 8GHz
GPU NVIDIA RTX3090
AT Fury HX432C16FB3K2/32
BAERS Ubuntu 20. 04. 3 LTS (GNU/Linux 5. 11. 0-37-generic x86_64)
CUDA A 11.1.1
Python Mt A< 3.9.6
Pytorch f A% 1.9.0
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Tab.4 Ablation study of TDRNet on rough-grained task

Backbone LEM Model DP Loss Seesaw Loss Toplerr. (%)
ResNet-50 (baseline) X X X 20.52
ResNet-50 N X X 20. 59
ResNet-50 N v X 18.10
ResNet-50 X X N 18.97
ResNet-50 v v N 17.32
Improved ResNet-50 X X X 19.94
Improved ResNet-50
p(TDRNet—50) v ~ ~ 16. 80
ResNet-101 X X X 19. 58
ResNet-101 v v N 16. 61
Improved ResNet-101 X X X 19. 23
Improved ResNet-101 J J J 16.35

(TDRNet-101)

J7 ¥ b A EHE FH LEM 8 8 DP Loss #il Seesaw
Loss, 5 R R M 45 topl iR FREILE 17. 3200,
5RAETT O L, P AR AR TR B A 3. 20 %0,

B AT T B T 45 5% W 45 43 25 1k
B Y52 M . 5 7 VA M L, HOAE el kR
ResNet-50 [f] #f 7] DL A5 W 2% (1) 4 2P e 15 21 42
Tt W > T 0.58% , 7E TDRNet-50 H , I’ 4% 11y
topl 43 1R R R K & 16. 80 %0, % Hb 5 o 5 32
5K i i B ) ResNet-50, TDRNet -50 1 top1
RS Ay W FEAR T 3.72% M 0.52% . FEAd
ResNet-101 F1 24 #F Y ResNet-101 22 J5 , M 4% [
topl B R R MERE L B T 16.61% M 16.35%
K

FESEUE T ¥R B — R BT AR5 R B AR S
PE I — RN DT A AL, LEM 1 DP Loss i
2H A AT LA Ao A5 R AT BT Ay 9 ORI R AR 42 AR
715 H Seasaw Loss ff — E ¥ &M T ke AR
Tofs JBE RT3 43 2 A1 2 T IR 288 A5 TR (1 N R 5
4.3.2 *FrgEin

9 T 8 4iE TDRNet 9 58 #F# , £ GDIM-CD
Bl b, A S0 TDRNet 5 HA 3 37 19 814543
KM IEAT T HEREXT L o M 8 PR HL A G 28 74
FF A 2 5 LAY ) 25 155 8 35 76 AH [A] 09 52 56 e
THEAT ISR, 2,78 GDIM-CD Ik 4 b, 4156
W 24 50 U A AR B 4 AT 55 b Sy B PR RE 4
M5 R .

M4 2 5 %0, TDRNet B A rf 45 HLE i) 2
o G RIS T E A 7E GDIM-CD 3 %
(0 200K BE 43 R AT 55 b, RO T e AR A Tl 45
B, H v, TDRNet-50 B topl 4% i & N
17.45% , top5 45 1% 4 5. 20% ; 1ii TDRNet-101
() topl FE IR g 17.12% M1 5.27% ., 52 i
1 VGG16 4 [t , TDRNet H £ JE 8] 1 /9 48 # , H
top 45 1% 2 1 top5 4 1% AL 6. 20% M1 5.53% ;
5 5 ik 1) CNN 22 ¥4 EfficientNet /] Ft , TDRNet
T 25 S 1) e L4 W S A O 3, HUle W) 45 2 B0
iy EfficientNet_B6, TDRNet-50 7£ top 1 4 i %
LAY FRAREAK 0. 90 %0, 1M top5 4 15 R [ 15 A NI
1.88% . 54§ & J¢ ¥ 19 Transformer 42 #4 Af
P, A SCT 4 7 v TR AR A B P B B B4
M N AR B R & ISR
Transformer 15 A4 it = JE 4615 B, Yl 5 R X, H %
RER I 220m N B o (HEZ55 2 AR R 0N 25 25 A,
TDRNet HE B2 47 J2 f So ik Ay B A

J T P — A 5 UF TDRNet (945 3, 76 41 kL
JE 2K AT 55 b, AR SCOFF TDRNet 53T 5 4F 4i0k7
P58 4 28 R 1 2 SRR R AT TR B LR X
g Rk 6 fros . MR Al A, TDRNet 7£
GDIM-CD % i %8 WA T SOTAZ R . 5
MA-CNN 1 RA-CNN # £, TDRNet ) Top1 4
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Tab.5 Comparison of the typical classification model experimental results for fine-grained task on GDIM-CD

Model Topl err. /% Top5err. /% Params. /M FLOPs/G FPS
EfficientNet_B0'* 25.11 12. 64 4.03 4.40 33
DenseNet-169" 23.11 12. 44 12.52 35.55 13
EfficientNet_B4'* 20. 20 8.15 17.59 16.70 16
DenseNet-201"" 19. 49 8. 46 18.13 45. 44 11
ResNext-50"" 20.13 7.34 23.02 44.74 26
ResNet-50"! 21.27 7.60 23.55 43.13 36
TDRNet-50 17.45 5. 20 32.34 58.91 29
EfficientNet_B6'*! 18.35 7.08 40.78 36.91 11
ResNet-101"* 20. 04 7.79 42.54 81.75 21
TDRNet-101 17.12 5.27 51.33 97.53 19

AlexNet'" 27.34 11.18 57.09 7.37 277
WRN50%! 20. 68 8.99 66. 88 119.42 19
ViT _B_16"™" 20. 06 9.76 87.22 249.12 9
ViT_B_32"" 20. 30 10. 08 87.84 51.49 44
WRN101"% 19.13 8.63 124. 88 237.08 11
VGG16™ 23.85 10.73 134. 35 158. 68 21
VGG19™ 24.01 10. 54 139. 66 201.67 18
ViT _L_16% 21.55 11.09 305. 20 815. 69 3
ViT _L_32'% 21.39 11.38 306. 02 175. 66 17

BT W% 1 TASN . DCL 48, Topl 4% i% il
Top5 5 = % W A 43 28 48 b5 40 5l K 1. 252,
1.12% F11.52%,1.84% ;5 WS-DAN 1EXF [,
TDRNet 7£ Topl £ 1% #& Fl Top5 5 2 %48 tr L
545 0. 68% F10.98% Mfdss L. S H VIiT
YE& T W2 1Y TransFG 3, TRNet 4 25 M fE R
BE AR [ FE T BE4E 1Y 2, TransFG AL SCH
4 Transformer #5 # ViT —#f | B 7E %A Wl 2

B TR BB ER R SE AR S2 BRIV B T
Al fE TGk & 4% Transformer 2244 () fE 5 M fE . H
XA UL T A 8] 45 1 S8 A5 R AR SCRY T EE
s m et

e 5 6 1Y SE B 25 RAUEW] 1A SO A AR 4
KL OHE 3 26 B R A& U0 R AP RE T HE SE T
TDRNet A5G HEE

%6 GDIM-CDHEMENLXEFSEEMMENXREHINLIHER

Tab.6 Comparison of the experimental results with fine-grained classification model for fine-grained task on GDIM-CD

Model TDRNet MA-CNN" RA-CNN" WS-DAN'™ TASNM DCL!™! TransF G

Backbone ResNet-50 VGG-19 VGG-19 ResNet-50 ResNet-50 ResNet-50 ViT_B 16
Topl err. /% 17.45 20.14 20. 31 18.13 18.70 18. 57 20.43
Top5 err. /% 5.20 8.54 8.29 6.18 6.72 7.04 8.97

AR SCRR I Tl 3 5 19 25 210 8O oy 26 A
TE Y SE B ), 42 11 7 — o B T AR 25 kA B 25 21

LG A 2SI 2 . 0 2 TR T I 4 0 4
i U AP (9260 4598 3 A5 K 0 5 ok
RSB Tl P R . S T v X 4 4
TR R 543 fiE 3 190 4 o B T 4 e AR
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