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Sharpness-Awareness Industrial Defect Classification Algorithm Based on
Variational Feature Disentanglement

ZHONG Yihui', MA Ying', JIANG Shaojin®; YANG Fengyu'
(1. School of Software, Nanchang Hangkong University, Nanchang 330000, Jiangxi, China;
2+ Jiangxi Changhe Aircraft Industry Group Cos, Ltd., Jingdezhen 333000, Jiangxi, China)

[ Abstract] In industrial production, defect classification plays a crucial role in ensuring product quality and safety.
However, industrial defect datasets are characterized by significant intra-class variations and minimal inter-class
differences. Coupled with a limited number of defect.samples, this results in subpar performance of existing defect
classification models in real-world industrial settings.” To address this issue, an industrial defect classification
algorithm called VFD-SA is proposed, which is ‘based on Variational Feature Disentanglement ( VFD) and
Sharpness-Aware (SA) training. First, a Variational Auto-Encoder (VAE) is introduced to disentangle the defect
features into category-discriminative and intra-class variance features. Subsequently, a resampling strategy is
employed to enhance the intra-class wvariance features, which are then combined with the original features to
improve the discriminative power of-the feature representations. The VFD enables the model to focus more on
category-discriminative features of defects while exhibiting tolerance to details and backgrounds unrelated to defect
categories, thereby enhancing the model’ s defect classification performance. Finally, by incorporating the SA
training strategy, the geometric shape of the loss function is optimized to further improve the generalization
capability of the model. Experimental results on the NEU-CLS dataset for steel rolling defects, GC10-DET dataset
for metal defects, and a self-made dataset for fastener defects demonstrate that the VFD-SA achieves accuracy rates
of 100%, 93.52%, and 99.48%, respectively, significantly outperforming existing defect classification algorithms
and meeting defect classification requirements across various industrial scenarios.

[Key words]) defect image classification; Variational Auto-Encoder (VAE) ; Sharpness-Awareness (SA) ; few-shot;
industrial defect
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Fig.2 The differences between intra-class and inter-class defects
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Table 3 Accuracy comparison on the self-made

fastener defect dataset %

Accuracy
E# [ v o/ L s N )
ShuffleNet 97.67  100.00  97.73 98. 31 97.92

Model

VGG16 10000 100.00 100. 00 96. 61 98. 96
RepVGG 97.67 _~ 100.00 100. 00 96. 61 98. 44
ResNet18 97.67  100.00 100. 00 96. 61 98. 44
ResNet50 95.35  100.00 100.00  100.00 98. 96
VFD-SA 100.00  100.00 100. 00 98. 31 99. 48

10 JB/R T 3#F NEU-CLS $#5 41 T-SNE
Al AL, o 10 Ca) S FEHERERL, 5] 10(b) Sy VFD-
SA Bk, 4 T-SNE nf#Aknl 1, VED-SA &k 7F
REAIE2S (] ST B I BT 9 28 310 0 B . AR T
B, VED-SA B 00 s 40 A1 B 0 1l i R
fE27 >0 ) B L) M (A R AE o 2F 1T A RRAE 4 (R 2L
XA [l Bt 28]

Bl 10 X Fpor i S 3, 8 T VED-SA
SRR AR BRI [R] X 43 B /DN L 2 PN 2 K ) S I
VEFD-SA {8 B 78 4345 AF fire 20 98 55 A 7T 47 312 5 40 £k
(2 22 5 , [l B BRI AN D BE 1Y) 5 22 5 iXAE AR Y
GySbERE A DA E AR,

3.3.2 AW BRI ke A

REGUE VED-SA S35 AE Tl il b 5 2845 45 h
(IZ AGRE T o AR 330 A AR 52 Tolk 3 5 3R 1T ik
B 28 n] BETE B I/ DREACKERT . #F NEU-CLS %4
£S5 AREBEABIEE L 2RI RT 3 NAFE
25 551 TF 8286 (L 20% .50 %5 Fl 80 %6 % 4
YERINGREA  FEAREA FIEINA SR 42D DLtk ks
B AR SC T $R AR AE N [R) RIS YN 2 500 4 - i g
5 LA ER IR TS .

Wz 4 Fron, NEU-CLS $dli 4 428 9 g
MARFLSERRAE , 24U ZRFE AR &7t 80 0 I, 22 B Ay
A SZIREL S MER %, VED-SA ByEAE I 4R & L



£52% F8H/2026 £8 A/HENIRE 419

0 L
-20 ¢
—40 +
—40 -20 0 20 40 —40 -20 0 20 40
&€ x
(a) B HER R (b)VFD-SASL:
B 10 EF NEU-CLS #[#E£& 1) T-SNE "4k
Fig.10 T-SNE visualization based on the NEU-CLS dataset
206,50 20 F1 80 Vo MG BL T » 3R A5 e e AR %, B T4 TEIGHEA L 6] TR M EERT B
FEYIGREEAAL &5 20 %, HERIRAF ik 98/ 12%, H (NEU-CLS #i#&£8)
rh R B /N (1L 46 <1 0°) iy ShuffleNet e Table 4 Comparison of model performance under
= N 0 . i . 6 different training sample ratios (NEU-CLS dataset)
B A% AL N 89. 17%, VGG16 #iI K /hA 268X 10°,
PEREANAEILF] 95. 76 %0, Model Aceuracy/ 74 Size/10°

20%0BEA 5OYCREA 80VOREAR

%5 R T NEU-CLS Bl 4 7E 20 V0 I ZRkEAR

. . N . ShuffleNet 89.17 97. 00 100. 00 1. 46
T%*ﬁﬂﬂ@ﬁ%?ﬁﬁﬁ%ﬁo VFD-SA *Eﬂﬁ%;é%”i VGG16 95. 76 98. 22 99.72 268. 00
B RO HER 3P HERR R F 98, 1200, J RepVGG 95. 63 98. 33 100.00  30.10
I AE D FEAS YN LRI AN [ S b A ik s K P2 i S ResNetl8 92.15 97. 22 99.44  11.69
A BE . MRS, ShuffleNet 78 Ps 2851 _F 194 ResNet50 95. 83 99. 67 100. 00 23.50
WA K 86.25% . VFD-SA 98.12  100.00 100,00 11.85

%5 NEU-CLS ##E& F B9 K ETHEILL (20%i1I 4 A)
Table 5 Comparison of specific classification accuracy on the NEU-CLS dataset (with 20% training samples) %
Model Accuracy
Sc Pa Ps In Cr Rs Average
ShuffleNet 90. 00 90. 83 86. 25 87.92 91. 67 88. 33 89. 17
VGG16 96.67 96. 67 94. 17 95. 00 96. 25 95. 83 95.76
RepVGG 95. 42 95. 83 95. 00 95. 42 97. 08 95. 00 95.63
ResNet18 88.75 93.75 89. 58 92. 50 95. 41 92.92 92.15
ResNet50 97.58 96. 25 95. 42 96. 25 96. 67 95. 83 95. 83
VFD-SA 97.92 98. 75 96. 25 97. 50 99. 58 98. 75 98.12
2 6 Bdi E— LB AE T VED-SA BRIz 4k F 6 FREIGHA LG TRERERERT H
PERE. 7EIZECHE R L YU A L6 2004, (B 5 REHFEIRE)
50%. 80% B}, VFD-SA 5 #1 %k 5 ;%: Ay 7 ik 7 Table 6 Comparison of model performance under
38. 86 % 95. 10 % 199, 48 % T ’fJC ﬁE e @ , jE :E[ Tf different training sample ratios (self-made fastener dataset)
FEASZI BT L3 e Modd oot St

A Y BB A ZE B AL AY 11, 85 X 10°, Z)hy ShuffleNet 76.05 92. 34 97. 92 1. 46
VGG16 14 1/20, MFCAS 43 AF fi 21 26 Fin gt 3 B2 VGG16 79.71 93.18 98.96  268.00
?j’i* »121‘%71‘!@% %%{%Eﬂ@%ﬁﬁ %?E ,‘ﬁ%ﬁﬂﬁl@lifi RepVGG 79.97 93. 90 98. 44 30. 10

ResNet18 72.77 91. 99 98. 44 11. 69

DUAB R DX [ A SR TR P 2 A LR AL ResNet50 §3.90  93.51  98.96  23.50
VRT3 N 2858 T I s e VED-SA 88. 86 95. 10 99.48 1185
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3.3.3 IHRhSLEG
SHISIEA CE B h VED I SA 85 % 43 2

RERITE T X e 24128001 (Sc. Pa, Ps. In.Cr.Rs)
(AR R T SR 26, 25 R N6 7 R .

#&7 NEU-CLS #iEE& FHE RS 45 R (20 %I )

Table 7 Ablation experiment results on the NEU-CLS dataset (with 20% training samples) %
Accuracy
Method
Sc Pa Ps In Cr Rs Average

Baseline 91. 67 95. 00 81. 25 90. 42 97.08 97. 50 92. 15
+VFD 97.91 98.75 94. 17 96. 25 98.75 97.08 97.08

+SA 97.08 97.92 90. 42 94.58 96. 25 94. 58 95. 14
VED-SA 97.92 98. 75 96. 25 97. 50 99. 58 98.75 98.12

BRI AR AT SL AR, SR+ VED fif
SCLT R E R T R R R 4. 93 H A A
+ SA 7 R 1 P B $E TR B /N T+ VED, {3t 4%
FLMERIRIEE T T 2. 99 H 4 8 A SOy kRl G VED
FSA WG PP R A PR K e T
5.97 FAy L IkF] 98, 12%, SEIG4E FLIESE T X s
BB A AR o U AR A BRI MEZS 51 Can Ps 280
F o ARSC X Ps 2R HERRR 81, 25 %0 $2 7+
& 96. 25 %6, 75532 W H U M 43 S REAS (1) 4 BH A R
B3, VFD YR B &I i e R B AR
) (R RRAE R o Bl ) A0 o 80 £ 5 21 SR 1y 2
FRRFAE . SA T A5 2 7 2 2 () vp 48 5 31 37
I 7 ALRE T B R A A, B BISERLZE ORI 20 20
GREARIESL T, WRE RS A 1z b BE J1 . ARDLC
Ha W02 1 DL AR RS 77 AR BRI . VED Bly
A o 3 g1 HL X4y B A RRAE 2 7R » SA TR A i 2
FREAEANRIREAS L RRE A 8K

4 HRIE

RSP H — b T 3R i 21 28 ) B S
FRMBRFE S RE L T T sk 2. %A kis
I VAE il e P (A7 R A fife 2 28, 108 ok BER A
FIEA A28 0 BB PR AR AIE o[RS S 5 A
/M LA T SH 1 B /N R DX 1 2 B T
BRI/ NEAR G55 T Bz AL ERE . SEER g R L],
1 GC10-DET . NEU-CLS LA K [ il ' [ 4 £ 4 45
b B BRI TR ACR R TR
T AR S AT ATV A A R e A 0 e
P —E B T o

SR » TR IETERRAE A 2 SR E A SR B
LT A X R AE R AT 70 8 5 T L R IR AAZ 23 B
IR B N TETR 5o 5 S S8 BT B v R 5
W B HERF A 7R 21 287 1% o R0 A AR AE 6] A S AR
o BeAh 2T B 5 v R VT 45 35 3l A7 16 2530
AN IR A I 250 T i T TR A AR i AN P 4

s FRVERE . E— 2P 52 | AL TR,
2% 3k

L1 R, S, 58, /IMEASZM T R B2 m s sa s L] .
HEYLRGN, 2024, 33(5): 85-93.

SONG W Q, WU L, LLY. Surface defect detection of strip
steel with few shots [ J]. Computer Systems and
Applications, 2024, 33(5): 85-93. (in Chinese)

[2] KHANAM R, HUSSAIN M, HILL R, et al. A
comprehensive review of convolutional neural networks for
defect detection in industrial applications[]J]. IEEE Access,
2024, 12: 94250-94295.

[3]1 LIF, LIF, XI QG. DefectNet: toward fast and effective
deféct detection[J]. IEEE Transactions on Instrumentation
and Measurement, 2021, 70: 2507109.

L4 #fde, BARME, B, . AG AN FRAE M 82
SRR (1] BEBSE%HL, 2024, 36(6): 50681,
YANG C L, LUD H, ZHANG Y, et al. Fusion of adaptive
down-sampling for strip steel surface defect [J]. Journal of
Iron and Steel Research, 2024, 36 (6): 806-816. (in
Chinese)

[5] LIUY, YUANY C, BALTA C, et al. A light-weight deep-
learning model with multi-scale features for steel surface
defect classification[J]. Materials, 2020, 13(20): 4629.

[6] LIQN, YANG Z P, SUN H X. Fine-grained classification
of rail fastener images based on B-CNN[C] //Proceedings of
the 5th IEEE
Electronic and Automation Control Conference (ITNEC).
Washington D. C., USA:IEEE Press, 2021: 1018-1024.

[7] XUJY, LE H, HUANG M Z, et al. Variational feature
disentangling for fine-grained few-shot classification [C] //

Information Technology, Networking,

Proceedings of the IEEE/CVF International Conference on
Computer Vision (ICCV). Washington D. C., USA: IEEE
Press, 2022: 8792-8801.

[8] FORET P, KLEINER A, MOBAHI H, et al. Sharpness-
aware minimization for efficiently improving generalization
[EB/OL]. [2024-08-05]. https: // arxiv. org/abs/2010.
01412.

(9] 4%, AeIp5, BRIGM. EF ik LeNet5 AL 19 fli &

W o ] BB R IR (A SRR E D, 2023,
37(4): 82-87, 114.
YU R, XIONG B'S, OU Q F. Bearing fault diagnosis based
on the improved LeNet-5 optimization algorithm[]J]. Journal
of Nanchang Hangkong University ( Natural Sciences ),
2023, 37(4): 82-87, 114. (in Chinese)

[10] ZENGN Y, WU P S, WANG Z D, et al. A small-sized
object detection oriented multi-scale feature fusion approach
with application to defect detection[J]. IEEE Transactions on
Instrumentation and Measurement, 2022, 71: 3507014.

(1] s, £3%, JHiz, 5. T EPRME MR 4R



$£52% £ 8HI/2026 £ 8 A/HENTE

421

[12]

[13]

[14]

[15]

[16]

[17]

BRSPS ik L S HSELIN & S ], 2020, 28(6):
187-190, 196.

XIE Z F, WANG L, YIN X Y, et al. Classification and
recognition method of sheet metal parts surface defects based
on convolution neural network [J]. Computer Measurement &
Control, 2020, 28(6): 187-190, 196. (in Chinese)

LIU T, YE W. A semi-supervised learning method for
surface defect classification of magnetic tiles [J]. Machine
Vision and Applications, 2022, 33(2): 35.

BB, SREDR, B, . FETEEEN VGG16 M4 g R R
T R s 2B 9T 0] . S FEMLN ) S5 4k4, 2024, 41(6):
175-180.

HUK, WUG Q, HU Z H, et al. Metal surface defect image
classification based on improved VGG16 network [J].
Computer Applications and Software, 2024, 41 (6): 175-
180. (in Chinese)

Bk, FE, kS, 8. LT XS B 854k 0 £ B B A R
WEAREL D] AEPURS A THA, 2024(7);
170-176, 181.

LUO J, ZHOU W, ZHANG Y Z,
weakening based multi-stage classification for steel surface
defects [ J ]. Modular Machine Tool & -~ Automatic
Manufacturing Technique, 2024 (7): 170-176,-181. (in
Chinese)

F, HEA, E, 5. TS A BE ALY 9 3R 15 B
WaoyZork U], dHRPLTARE, 2025, 51(6) :/286-296.
WANG Y, GAN Q S, SHEN Q, et al. Classification method
for surface defects of strip steel based on dynamic joint
weighting[J]. Computer Engineering, 2025, 51(6): 286-
296. (in Chinese)

KINGMA D P, WELLING M. Auto-encoding variational
Bayes[EB/OL]. [2024-08-05] . https: //arxiv. org/abs/1312.
6114.

GONZALEZ-GARCIA A, VAN DE WEIJER ], BENGIO Y.
Image-to-image translation for cross-domain disentanglement
[EB/OL]. [2024-08-05]. https: // arxiv. org/abs/1805.
09730.

et al. Adversarial

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

GIDARIS S, SINGH P, KOMODAKIS N. Unsupervised
representation learning by predicting image rotations [ EB/
OL]. [2024-08-05] . https: //arxiv. org/abs/1803.07728.
FENG ZY, XUC, TAO D C. Self-supervised representation
learning by rotation feature decoupling [ C] //Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Washington D. C., USA:IEEE Press,
2020: 10356-10366.

LIU Y H, SANGINETO E, CHEN Y J, et al. Smoothing
the disentangled latent style space for unsupervised image-to-
image translation [ C] // Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR). Washington D. C., USA: IEEE Press, 2021:
10780-10789.

CHEN R T Q, LI X C, GROSSE R, et al. Isolating sources
of disentanglement in variational autoencoders [ EB/OL].
[2024-08-05] . https: //arxiv. org/abs/1802.04942.

SONG K C, YAN Y H. A noise robust method based on
completed local binary patterns:for hot-rolled steel strip
surface defects[]J]. Applied Surface Science, 2013, 285: 858-
864.

LU X M, DUAN F J, JIANG J ], et al. Deep metallic
surface defect detection: the new benchmark and detection
network[]]. Sensors, 2020, 20(6): 1562.

B B AN, Ty, A BTN B RE S A R R R
W GE R T W EAREHUR, 202002): 120-123.
SHAN D R, TONG C, NAI X S, et al. Recognition of
surface defects on strip based on wavelet and gray level co-
occurrence matrix[J|. Manufacturing Technology & Machine
Tool, 2020(2): 120-123. (in Chinese)

Pl o, BRANA, BREENI, 55 — R0 Re T 7 5 A A 0 4
Fem sk b WO Sk L] WOt 5o e iR, 2021,
58(14): 1410014.

LU Y N, CHEN B C, CHEN D G, et al. Recognition
algorithm of strip steel surface defects based on attention
model[J]. Laser & Optoelectronics Progress, 2021, 58(14):
1410014. (in Chinese)

g

T RTF
FEHgE R

|





