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Abstract: Objective In the field of industrial manufacturing, automated surface defect detection is an essential component
for quality control and production efficiency. Deep learning techniques have been widely applied. However, they face spe-
cific challenges in real-world scenarios. These challenges include the scarcity of defective samples, the difficulty of identi-

fying fine-grained defects, and the necessity to evaluate multiple categories using a unified framework. Fine-grained
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defects, such as micro-cracks, scratches, and spots, exhibit low contrast and subtle variations against complex background
textures. This makes them difficult for conventional models to separate from the background. Furthermore, the paradigm of
Multi-class Unsupervised Anomaly Detection (MUAD) requires a single network to model the normal feature distributions
of various distinct products simultaneously. In this setting, existing reconstruction-based models frequently encounter the
problem of "shortcut learning". Because the network fits a massive cross-category normal feature space, local features of
different products tend to overlap. Consequently, during the inference phase, the decoder utilizes normal prior knowledge
from other categories to reconstruct the abnormal regions of the input. This identity mapping phenomenon causes the recon-
struction residual of abnormal areas to approach zero, resulting in missed detections for fine-grained defects. To address
the insufficient utilization of shallow detail features and the shortcut learning bottleneck , this study proposes a fine-grained
industrial defect detection method based on semantic-detail collaborative fusion, denoted as SDSF-ViTAD. The objective is
to develop a unified framework capable of localizing fine-grained defects across diverse industrial products by balancing
deep semantic understanding and shallow texture details. Method The proposed SDSF-VIiTAD framework utilizes a purely
vision-based Transformer (ViT) pre-trained with DINO. This model serves as a frozen encoder to extract multi-level dense
feature priors from the input images. To integrate information across different levels, the Semantic-Detail Synergistic
Fusion Module (SDSFM) is designed. The deepest feature map extracted by the encoder provides global perception and
semantic understanding, serving as the query vector in a cross-attention mechanism. The shallower feature maps contain
rich edge and texture information. These maps are concatenated along the channel dimension, processed through average
pooling and layer normalization, and then utilized as the key and value vectors. To prevent semantic mismatch and the
introduction of background noise during this process, a spatial-aware gating mechanism is utilized. This mechanism
applies one-dimensional convolution to the query vector to generate an adaptive gating weight. This weight dynamically fil-
ters the cross-attention output to retain defect details and suppress noise. Following the SDSFM, a feature perturbation
mechanism based on the information bottleneck concept is introduced at the reconstruction stage. During training on normal
samples, a dropout layer randomly discards a specific proportion of the fused activation values. This operation cuts off the
direct feature copying pathway. Consequently, it forces the decoder to utilize the uncorrupted global context to infer and
reconstruct the missing normal texture, thereby fitting the intrinsic manifold of the normal samples. During testing, the per-
turbation is disabled. Since the decoder is trained solely to reconstruct normal patterns, it cannot replicate unseen abnor-
mal features. This inability significantly amplifies the reconstruction error in defective regions. Additionally, the standard
dense self-attention in the decoder is replaced with a Top-K sparse attention mechanism. The Top-K mechanism applies a
hard mask to the attention score matrix, restricting each token to interact only with the K tokens that share the highest simi-
larity. By truncating low-similarity connections, the model compresses the information transmission pathways and limits the
shortcut learning problem. Finally, the network is optimized using a multi-level Cosine Distance loss combined with hard
normal mining. This mechanism guides the model to focus on hard-to-fit normal regions during the training process,
thereby enhancing its discriminative capability for fine-grained ‘anomalies. Result Experimental results on the VisA dataset
validate the proposed algorithm. Compared with the baseline model (ViTAD) , it improves the image-level mAUROC,
mAP, and mF1 metrics by 3. 28%, 3.00%, and 3. 70%, respectively. It also improves the pixel-level mAP and mF1 met-
rics by 3. 84% and 2. 98%, respectively. Among them, the mAUPRO metric, which is highly sensitive to tiny defects, is
improved by 3. 8%. Furthermore, experiments on the public MPDD and BTAD datasets further demonstrate the universal-
ity and effectiveness of the proposed model in unified multi-class detection across different industrial scenarios. Conclu-
sion The SDSF-ViTAD model improves the accuracy of fine-grained defect detection in complex industrial scenarios, out-
performing existing mainstream multi-category unsupervised algorithms.

Key words: multi-class unsupervised defect detection; fine-grained defect; visual transformer; attention mechanismj;

shortcut learning; feature perturbation
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Fig. 5 Dataset Comparison Chart
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%,2021) \FE T 42— Transformer ZE 4 1) 22 2551 FE 4
R UniAD (You 45, 2022) 3T Wil e AR AE R B S
v 4 e 75 A B A9 SimpleNet (Liu 45,2023 ) (454 1R
7518 5 R IE 73 #I Y DeSTSeg (Zhang 55 ,2023) (K& T
F MY HIE R4 R (Diffusion Model ) 4 DiAD (He 45,
2024 ) LA K B FAR A 25 [ A7 i) MambaAD (He 55
2024) , LA R NE 1R

AZE 1 B9 AT i, SDSF-VITAD %83 75 5 R 4G
DIERE LB B B MR GO FeAn
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Table 1 Detection results of different models on the VisA dataset

/%

EHR G BEH
WRESL S
mAUROC mAP mF1 mAUROC mAP mk1 mAUPRO
DRAEM 79.5 82.8 79.4 91.4 24.8 30.4 59.1
UniAD 88.8 90.8 85.8 98.3 33.7 39.0 85.5
SimpleNet 87.2 87.0 81.7 96.8 34.7 37.8 81.4
DeSTSeg 88.9 89.0 85.2 96.1 39.6 43.4 67.4
DiAD 86.8 88.3 85.1 96.0 26.1 33.0 75.2
MambaAD 93.69 94.10 89.35 98.52 39.19 43.55 91.06
ViTAD(baseline) 90.59 91.75 86.19 98.24 36.8 41.04 84.19
SDSF-ViTAD 93.87 94.75 89.89 98.72 40.64 44.02 87.99

7B B S 15745 B 9 mAUPRO #5 4% I, A8 SCH B34
F T 87.99%, B IUEAAETE T 3. 8%, KIE4ET
DiAD(75. 2%) Fl SimpleNet (81. 4%) , HAL T PE Ak
1 UniAD (85.5%) o & 4 MambaAD Ji &
(91. 06%) FEi%d8 br & T AR SCHE L (HHIE RS
23 RS RL A F7 A L o B R R R R e 2
FERN AT T B = A Rl SR B e iR 2 U
X G ARK, FECHAR Y mAP 5 mF1 545 WAK
TASCA .

B AL RLTE VisA BUR4E T i ke U 45 S 4n 1#] 6 fir
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AN OIR BB AT 58 5 U BE S A TSR 5
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Board, PCB) &8 1% . LA RS A A7 7E 5
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55 A BOE RN, 5 IE R S X B 5 —
77 1T, 2 1) 1o AR G A B PCB AR AR 24 g 15 e 80 B
N5y FLS R B I R AR AR = EE AL . X TS
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W o 7F B3 06 5 PCB S 4 B i K 0 L
MambaAD B AR Jay 45 3 B, IS 1843 A 1Y)
e 137, {FL Pl T 05 2 42 JRy i SCHE g AR AR 20K IE 1 R
NI 2 1 28 RSO H R 8 FETE R 2 iRk
B0, AR SCRSRY Y S T A %) 2 A6, ELARSE DN 3 57 o
RS, 2R LTI A SCBE R AE T 55 B 5 R 2T
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2.5 HRERSEIE
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Fig 6 Visualization of detection results of various methods on the VisA dataset
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Table 2 Ablation Experiment Results Comparison

/%

i EME ) 1B ZH 5
P
mAUROC mAP mF1 mAUROC mAP mkK'1 mAUPRO
ViTAD / 90.59 91.75 86.19 98.24 36.8 41.04 84.19
+SDSFM / 90.60 91.38 86.85 98.5 37.56 41.55 86.98
p=0.1 91.64 92.92 87.46 98.37 38.32 42.10 85.88
p=0.2 92.02 93.18 87.72 98.45 38.94 42.71 85.97
p=0.3 92.39 93.41 88.29 98.50 39.18 42.95 86.51
+SDSFM+Dropout
p=0.4 92.58 93.68 88.41 98.53 39.67 43.19 86.94
p=0.5 92.64 93.70 88.54 98.57 39.86 43.26 87.08
p=0.6 92.58 93.67 88.36 98.59 39.47 43.01 87.06

2.5.2  Top-KHibi i3 1 (A Rt #r
fﬁ‘?ﬁ{faﬁﬂﬂ%uﬁﬁ%ﬁkﬁ% A4 Token £X
i, O T SRS S R . MR i
(N 1§5C}FE§]’ke%32 64, 128, 196, 2561
TH R SEE , 45 5N 3 s,
WEE e 3 P I 25 ST B 2 k(A 3 R, Y
PERE S0 B B A Je T IS R . Y k(E /),
1 R A B 20 R R BUR RS A8 AR I LR SUAN 2 L, T
A R S E SRR 3 PR BE R I 5 7Y U R
it dyéﬁxﬁﬁﬁ?&l/\Tm% 5 EIFHISS T
Yo A AR TP BEE— A R BR 5 24 k=256 i, i% AL
il ) 5 42 iR ﬂﬁﬁ%é’ﬁﬁﬁ’]ﬁ/ﬁﬁl‘ﬂ&ﬂfiﬁj}ﬁ?ﬂzﬂi

Vo MR AR B ST, 2 k=64 ),
MR R SR RPN -L IR AR SC 0 i $2 7, 25 5
PEREIS Bl o fRAS 25 1Y BE1> Token PR B T B AHE
(1) 64 38 B34 78 3050 FR 4R TUATE B 1 A2 1 [+)
B PR ER T R RSB T IEE B R H
AU E MRS MR R ). BT A
SR A I k=64 1B A AILHI 9 fe L S5
2.5.3 B eR BRI AT R E ST

AR BUE T 45 G M REARIZIE 0 2 290
S ARG B SEPR TR, A5 R AR 4 s . B R
B, S IG5 R AL e, A28 114 45 TR 48 A 32 15 2]
THETE i UE B TR AL SR A R

X3 Top-KERITENKEEHMIELER

Table 3 Ablation experiment results of Top—K sparse attention k value

1%

. K251 BRI
k
mAUROC mAP mF'1 mAUROC mAP mF1 mAUPRO
ViTAD 256 90.59 91.75 86.19 98.24 36.8 41.04 84.19
32 90.43 91.64 86.03 98.26 36.86 41.04 84.91
64 90.69 91.90 86.39 98.25 37.25 41.58 84.56
+Top-K
128 90.60 9143 86.30 98.25 36.64 40.76 84.73
196 90.58 91.66 86.44 98.25 36.45 40.84 84.97
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Table 4 Introduction of Experimental Result Comparison of Cosine Reconstruction Loss Based on Hard Sample Mining

/%

REEEE BRI
mAUROC mAP mF1 mAUROC mAP mF1 mAUPRO
ViTAD 90.59 91.75 86.19 98.24 36.8 41.04 84.19
+ U 2 PR 91.33 92.31 87.18 98.44 37.63 41.83 85.65

2.6 HEEVEEES T

N T BAEAR SO AR R 2 Tl 50 T B al i
PE S ERE T, FATR B A O RES R bR e AT T
VAT SR AN 5 R

x5 BEEERLSW
Table 5 Model Performance Analysis

S Hm/

J7 ik Latency/ms VRAM/M

M G
ViTAD 38.586 9.668 3.12 222.13
SDSF-ViTAD 40.067  10.6 4.24 263.37

DR 28 5 W7, AR SCHRE S (%) SDSF-VITAD #52 #4
SZ R R 40. 067TM, 55 10. 6G, AHAL T3
#E A7 VITAD (2 % & b 38.586M, it 5 & N
9. 668G ) , A U RIAE it & AL, S8 5115
TSR 4 A 1. 48M F10. 936G, AR LR A K 2%
J& T AR

AR SCHERIAE LS A 1 ke LG A B AT
iR (Latency) Ay 4. 24 ZF>  WEAH B A7 5 H (video ran-
dom access memory, VRAM) 4 263. 37MB, X —%k
P 2 W, A BE A T A Tl s e T K £ A SRS
FAZESR (BRI <50ms) , I B A& FE 5 ) 523 1] 52
PR 2 T4 Db i & oo . Bkimi &,
SDSF-VIiTAD %3 78 H T1 4i A7 JBE it b A6 0 A% 32 114 T
B, 50 o i B Tl G 0 G B A S A R
2.7 EEMEBEELNNA
2.7. 1 SJEFAFEE AR R S

SBAUEAR SO AR AR Tl it S A6 T A 45
3 P S R AR SR A R A e A T
B YR 4E (Metal Parts Defect Detection, MPDD) gE£7 %
FeSEge . MPDD i £ 36055 1346 iR EE, bl
SRARAL T 888 MR IR, MR AR AL 5 176 i 15 5]

155 282 I S W MG o B AR T 55 T R A S 48
(Bracket Black) . #% 8, 3 22 (Bracket Brown) . [ {05
I (Bracket White) & 4 #% (Connector) . 4 &
(Metal Plate) LA &2 #4 (Tubes ) 75 28 4 J& #F E14
FLR O E AR 5 GOk I I
M

MFE 6 145 A5 50, SDSF-VITAD 15 B ¥E MPDD
BAE A F S TR AR IR RE . 7 R s b
I, mAUROC 35 #| 90.23%, W% & T MambaAD
(90.21%) , 3-8 B P FIE MR AL VITAD(87. 73%) ,
TE mAP Al mF1 4845 b, A 3007 251 51345 3. 93. 86%
1 91.14%, H 0% fiIk F MambaAD (94.38% i
91. 71%) AEAP KRGS T HALXS b7k . TR R
K AEHn b, SDSF-VITAD &I H 558 Al 400k 25 5 17 fiE
71 : H:mAUROC 15 #] 98. 03%, N T A )7 ¥ i,
mAP Fl mF1 435355 41. 08% F142. 22%, B E LT
MambaAD(33. 48% #139. 25% ) #l VITAD(35. 35% F/l
37.55%) , fie fig S W 4k 5 7 AV A B2 9 mAUPRO 45
PrikF 93. 24%, [ FEOL T BT A R HE 12k o

2 PSR AR SC I 5 T A5 R 2R Bl B A, A
T EEHCT MPDD 4 & rhk i RO B0 (B o 2 7
ST PR W S B E R T AT 3 BT . AR 7 1Y
S H T B LGS S nT LA Y 7 T RS A R
E 5 W 40 R R N, Uni AD 6 7] T 76 1F % ki 2%
7 A ) 17 - 385 S A 85 5 U K 5 Simplenet A5 1)
7% 5 TR ™ 5 5 1 MambaAD 5 ViTAD 7275 — &
(TG B4, LRSI 2 137 45 SR 5 L S e o A T R
AFF o AHEEZR A SCHE S %) SDSF-VITAD J7 i Jig
BT S O ARSI SR O B8 T iRk
s B4, 10 X IR A8 1140 o7 SR A , 26 1)
o M 07 X 3l T SR 4
2.7.2 BeanTech 55 Kl B s 42 556

AT HE— 2 K ] BeanTech 5 & #5 (BeanTech
Anomaly Detection, BTAD) /A FF %48 4 7 47 %) Lt 52
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Table 6 Test results of different models on the MPDD dataset

/%

o R G5 1B E 5
WiRESLUES
mAUROC mAP mF1 mAUROC mAP mF1 mAUPRO
UniAD 50.61 61.54 73.56 88.24 8.85 13.43 59.85
SimpleNet 88.39 92.84 87.71 94.98 27.96 31.41 86.85
MambaAD 90.21 94.38 91.71 97.68 33.48 39.25 93.03
ViTAD(baseline) 87.73 90.22 87.97 97.7 35.35 37.55 92.57
SDSF-ViTAD 90.23 93.86 91.14 98.03 41.08 42.22 93.24

(a) MK (b) SR (¢) UniAD (d)

H
14 % net

Simple- (e)

Mam- (f)
baAD

ViTAD (g) SDSF-
ViTAD

((a) test image; (b) ground truth; (¢)UniAD; (d)Simplenet; (e)MambaAD; (f) ViTAD; (g)SDSF-ViTAD)
&7 MPDD BdEE [ 4% 7 A 45 5 1w Ak 1]

Fig 7" Visualization of detection results of various methods on the MPDD dataset
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T, 2 WIASE R T 20 s 5 B 1Y) 5 (50 HE BE A B 0
FEVEMG AR b7 77 T, A8 SCELL 1 mAP il mF1 53514
97.52% F193. 50%, & T HoAh XS LEAE AL, SRS KR
¢ mAUROC(95. 89% ) #FEMERLAY (95. 95% ) FEAK T
0. 06% , (A LR R ARE G W] UL, A SO AR FE R
HoyIERE S SRt A AR T TR E I %
(OATEPA

BEAh AT E BTAD B S hse B 1 19 SR8l
S 2% ELBR A NST Bl N I T ™= 4T ] AR
Bro Herp, 25— 285 i B SR BE A B/ N ROIR 5 35 , 5F
TR R S A R [ IR X SR A A
) RRAE 2 5 5 2235 S0 e BEAIG, FLAR 5 9 T A
110 J 31 25 ([ 50 3R 85 4 2R 80) P i i
A RRALZE RN 8 v o 3BT & 2R AT, TR R ok
199 5= 4CH, UniAD | Simplenet DA & MambaAD ¥4 3%
B 7 T TE R 1 SO D (AR TE 280
RIFR I Z5) 7 e T R B S5 IR, R REA AR 2 T
LS BB o BEMEARR RS VITAD Ay #4 & [m] A
FEAETR SR BRI e o ML Z R, A SO fE
S A7 O 52 2445 S s TR, S RO TR
SR [, A 2 1IN IR R
2R TR IR, G o o 7 DX B S A A R R DR R T4
Uiy —EE .
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Table 7 Test results of different models on the BTAD dataset

/%

o R G5 15 Z 5]
WiRESLUES
mAUROC mAP mF1 mAUROC mAP mF1 mAUPRO
UniAD 66.12 64.00 65.18 76.80 14.13 20.73 33.6
SimpleNet 93.12 97.49 93.30 96.47 41.59 45.44 71.30
MambaAD 91.91 96.35 93.05 97.57 52.60 55.16 77.52
ViTAD(baseline) 95.95 96.58 92.48 97.70 59.32 58.17 75.59
SDSF-ViTAD 95.89 97.52 93.50 97.92 62.81 59.56 77.58

l'” l”f
*5

\ )I \|
bl
QA (A1 ﬁlli

(a) MKE (b)

UniAD (d)

FLAR (¢)
14 % net

" 1‘“ ‘. i‘
o 1l

|
Simple- (e) Mam- (f)

baAD

((a) test image; (b) ground truth; (¢)UniAD; (d)Simplenet; (e)MambaAD; (f) ViTAD; (g)SDSF-ViTAD)

K8  BTAD#adE I & Ty Al 2

R AL

Fig 8 Visualization of detection results of various methods on the BTAD dataset
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