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Abstract: Objective Medical image anomaly detection represents a fundamental challenge in clinical diagnostics, aiming
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to automatically identify and localize potential lesion regions without manual annotations. Current reconstruction-based
anomaly detection methods predominantly rely on features extracted from models pre-trained on natural image datasets such
as ImageNet. While these approaches have demonstrated promising results, they face significant limitations due to the sub-
stantial domain shifts between natural and medical images. These domain discrepancies lead to semantic misalignments
during feature reconstruction, resulting in two primary issues: oversensitivity to normal anatomical variations and insuffi-
cient discriminative capability for detecting subtle or early-stage lesions. Such limitations substantially hinder the clinical
applicability of existing methods, particularly in screening scenarios where early detection is crucial. To address these chal-
lenges, and to overcome the dilemma where fine-tuning pre-trained encoders often leads to pattern collapse while keeping
them frozen limits domain adaptation, this paper proposes a Cross-domain Self-supervised Representation Learning
(CSRL) framework, specifically designed to enhance both the accuracy and robustness of unsupervised medical image
anomaly detection through effective domain adaptation and multi-scale feature optimization. Method The proposed CSRL
framework operates through two carefully designed sequential learning stages, each targeting distinct aspects of the anomaly
detection pipeline while maintaining architectural coherence. In the first stage, a Domain-Adaptive Contrastive Learning
(DACL) network is constructed based on the Bootstrap Your Own Latent (BYOL) architecture. This module employs an
innovative dual-path online-target network framework to facilitate robust cross-domain transfer of pre-trained encoders. The
online and target networks process different strongly augmented views of the same medical image through random cropping,
color jittering, and Gaussian blurring operations. The target network parameters are updated via an exponential moving
average of the online network, with a momentum coefficient of 0.99 to ensure training stability. A symmetric negative
cosine similarity loss function is employed to maximize feature consistency between the two views, effectively driving the
encoder to learn augmentation-invariant and domain-adaptive representations. This sophisticated learning mechanism
enables the model to capture essential medical image characteristics while discarding domain-specific artifacts from natural
images, thereby establishing a solid foundation for subsequent anomaly detection tasks. In the second stage, we construct
an end-to-end feature reconstruction network specifically optimized for anomaly scoring and precise localization. The
encoder component is initialized with the adapted weights from the DACL module and remains completely frozen during this
training phase to preserve the learned domain-invariant representations. The network extracts multi-scale deep feature
maps at three different resolutions, which are subsequently processed by a specially designed bottleneck layer comprising
three residual blocks with skip connections for effective feature fusion. A symmetric decoder architecture with transposed
convolutional layers then reconstructs the features at corresponding scales, maintaining spatial integrity throughout the
reconstruction process. To further enhance the model’s focus on potential lesion regions, we introduce a Synergistic Atten-
tion Enhancement (SAE) module that innovatively integrates three complementary attention branches : coordinate attention
for precise spatial localization, channel attention for feature recalibration, and spatial attention for regional emphasis.
These attention mechanisms are dynamically aggregated through learnable weighting coefficients to refine feature responses
in an adaptive manner. Additionally, a Multi-scale Anomaly Fusion (MAF) module computes cosine distance-based
anomaly maps at different scales and employs learnable weights combined with spatial attention to generate the final opti-
mized anomaly map. The entire framework is optimized using a joint loss function that combines reconstruction error,
fusion consistency, and sparsity constraints, ensuring comprehensive training supervision across multiple objectives.

Result Comprehensive experiments were conducted on three publicly available medical image datasets covering diverse

modalities—APTOS (retinal fundus images) , ISIC (dermoscopic images) , and BR35H (brain MRI)—to rigorously evalu-
ate the proposed method under various clinical scenarios. The CSRL framework was compared with 10 state-of-the-art meth-
ods, including autoencoder-based models (AE, VAE), generative approaches (GANomaly, f-AnoGAN) , memory-based
models (PaDiM), and recent pre-training-based methods (STFPM, MKD, EDC, EA2D). All experiments were performed
using consistent evaluation protocols and five independent runs to ensure statistical significance. Quantitative results dem-
onstrate that our method achieves optimal performance in image-level anomaly detection tasks. On the BR35H dataset,
CSRL achieved an AUC of 99.90%; on the ISIC dataset, an AUC of 91.79%; and on the APTOS dataset, an AUC of
97.71%. Compared with the current state-of-the-art method, the best AUC of our method is improved by 0. 35, 3. 52, and

0. 02 percentage points on the APTOS, ISIC, and BR35H datasets, respectively. Extended ablation studies provided
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deeper insights into the individual contributions of each module. The DACL module alone improved AUC from 88. 23% to
91.72% on the ISIC dataset, highlighting its crucial role in domain adaptation. The SAE module contributed significantly
to precise localization, while the MAF module effectively integrated multi-scale information for comprehensive anomaly
detection. When combined, the full model achieved 94.74% AUC in its best run, demonstrating the synergistic effect of
all components. Qualitative visualization of anomaly localization maps revealed that CSRL produces highly concentrated
and clinically interpretable heatmaps that align well with actual lesion contours, outperforming comparison methods in spa-
tial consistency and anatomical plausibility. The generated activation maps show precise correspondence with pathological
regions while maintaining minimal responses in healthy tissues, substantially improving clinical interpretability for medical
practitioners. Conclusion This paper presents a novel Cross-domain Self-supervised Representation Learning (CSRL)
framework that effectively addresses the fundamental challenge of semantic discrepancy in transferring pre-trained models
to medical image anomaly detection. By systematically integrating domain-adaptive contrastive learning, synergistic atten-
tion enhancement, and intelligent multi-scale anomaly fusion, the framework achieves significant improvements in both dis-
criminative capability and spatial precision of anomaly detection. Extensive experimental validation across multiple medi-
cal imaging modalities confirms the effectiveness and generalizability of the proposed approach, establishing new state-of-
the-art performance while maintaining clinical interpretability. The framework provides a reliable and scalable solution for
unsupervised anomaly detection in medical images, with immediate potential applications in early diagnosis and clinical
screening programs. Future work will focus on three key directions: developing more efficient cross-domain adaptation
strategies for few-shot and limited-data scenarios, optimizing model complexity and inference speed for practical clinical
deployment, and enhancing sensitivity to subtle anomalies through advanced feature alignment mechanisms. These
research directions aim to strengthen both the theoretical foundations and practical applicability of self-supervised learning
in medical imaging, ultimately contributing to improved healthcare outcomes through more accessible and accurate diagnos-
tic tools.

Key words: medical image analysis; anomaly detection; self-supervised learning; cross-domain transfer; feature recon-

struction; attention mechanism; multi-scale fusion
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Rt N F, = F ® G,.

3) %3 [A]7F &% /7 (Spatial Attention, SA) /337 : %43
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Fig. 4 Schematic diagram of the multi-scale anomaly fusion

module workflow
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AT 53 BAE = AN T B 24 5 8 R A S it A

Ed

w8

1) APTOS %48 48 (Karthik %5 ,2019) . iZ%di 4
1 20194 APTOS B AE R NPk ik 38 B O kA, et &
3662 5K R P8 R BE AR IS RGB &M%, filt e (IE %)
FI5 1805 it s i A8 (S ) % 1857 5k o Horpr, A
MAIE HREAS Hr B HLE B 1000 5K BG4 Al Zrdk , H
Ak 2662 5K 1F F 5 5 E EG [F 4 A R AR .
FEWAL BT AR v UG B e — Rl 256x256 13 K
1 RST

2)ISIC K H % (Codella %5, 2019) . 1Z 835 4E
ISIC2018 Pk A FE AT 55 3 % A, oAU 5 6898 ik J Jik
RGB EUE, 43 LA 2000, AT LA v ) £ 2298 iz
JER B AR R T FEAS , FLAY 6 A AN [R) 28031 ) 2
B R MR AE R SR REAS o B O 2RS4 5 6705 5K
IEH BUR B 7 SRR P AR 4R |, FLrh 4 123
K IE R B S 705K 58 B . TE AL B AR v A
BRI R 256%256 R/, IFHUL R T % 224%224
BE.

3)BR35H ¥4 (Hamada, 2020) . %544 &
i T Kaggle $k 2% , i M\ 3D #5245 45 h LAY 2D
i #8 MRT K B UG ) 7 A B, e A 75 1500 5K A
S W RE AR 1 e Rg T LA K 1500 3KAE A IE 5 AEAS 1)
e REEMG . FRATT A IE G b Bl AL E B 1000 7K 5]
BAE J SRR, HiAY 2000 3 G AR 9 iR 48 |, Fir

A EUGHIHHE R 6464 K/
2.2 LEE

AR SCHT A S0 B HE F PyTorch HE 2R | 75 gk
NVIDIA GeForce RTX 4090 &K [ k47, AL
Adam Ak %8 #4711 45, 78 APTOS . ISIC &% BR35H =
AR LE T, BYOL [ W8 Bl 25 i B A 28 1) 2 )
RN BN Se-5, MY Rt R~ Y1 B R 32,
A3 U125 50 .50 F1 100 56U 5 FEAE 25 B BB 7R 17
23] RIH { 1e-2, 1e-3, Se-31, W48 2t N~
¥ o 16, 41 il %k 75, 15 F1 100 A4 FE Ik
APTOS 55 ISIC #5405 5 11455 722 X 388 A1 8 R I, T
BR35H i 4 g kI A S e v . BRIt % 1 i
HRH A, WEHEVE R BRI S5 V5, LU Bk
FEAR S T T IS WER A, PSR K ABAE R ]
BBV, R T HA i Ja il 5 .
2.3 MR

A5 R I TPAG PR 46 32 10 T AR
2 N T 2 (Area Under Curve, AUC) . F1 4 %% (F1-
Score) | #fE i 2R (ACC) . i /& M (SEN) Fl 45 5 P
(SPE). H:,AUC.F1 M1 ACC REfE X RAKVEBESEA T
AR 1M SEN F1 SPE WU 43 3 0 26 T 1 FF A A 44
A BRI A 2K R i R R ILE S . RN ES
GRS R N T e e R QLW (ST S N R VA A
FLRAME I R PE AR B AR AR R
LR TR bR
2.4 FTLEIIE

FRATHEAS SCHE H 9 CSRL Jy i 5 4 47l 1y 25 it
T7 8 K Y0 Y B Se R B R (State-of-the-Arts, SOTA )
A R AE F I T T X, P T
A A LA Tk B 34 tS 2% (Auto-Encoder) 575
2 B gt £5 (Variational Autoencoders, VAE) ; 3 F4E
BT M 2% (GAN ) Y 28 M45 3 3 4 )5 75 GANomaly
(Akcay 45, 2018) . f-AnoGAN (Schlegl %5 , 2019) #
SALAD (Zhao 45 ,2021) ; 3R H1 2 T 42 DT BCAIL 1
1Y) PaDiM J5 ¥ (Defard %5, 2021) 5 5% FH T 31 25k 2 5
80 s, A T RRAE 2818 /Y STFPM (Wang 55
2021) F1 MKD (Salehi 25 ,2021) 77 &, LA K H T2 30
Hh e PR R Y 2 1m) 28 4R 5 5 7k EDC (Guo 4%,
2023) 5 EA2D (Tang 25,2025) . % H 5256 1 45 Sk
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o Hp AT BB 45 R S T 37 S g de ¢
EAREE B s AR S 3 (LLbryd) Wi s T Il
S JE I DY B = AUCAEL TR O 114 45 T A8 A o

2.4.1 mAxf g iR

#®1 FEBRISHEUREE LHIRERMMERE (%) 3Tt
Table 1 Comparison of Anomaly Detection Performance
(%) on BR35H Dataset

ViRiS JFEEIR AUC F1

ACC SEN SPE

AE - 89.57 89.98 84.20 94.66 52.80
VAE - 91.36° 91.24 86.80 91.73 72.00
GANomaly  ACCV’ 18 93.78 92.85 89.10 94.40 73.20
f-AnoGAN MIA’ 19 94.80 93.76 90.45 95.66 74.80
SALAD TMI’ 21 97.69 96.83 95.15 98.86 96.10
STFPM BMVC’ 21 93.11 93.46 89.80 97.20 67.60
MKD CVPR’ 21 98.70 94.30 96.26 98.06 83.00
PaDiM ICPR’ 21 98.19 98.00 96.95 99.80 88.40
EDC TMI’ 24 99.85 99.57 99.35 99.95 97.40
EA2D TMI’ 25° 99.83 99.62 99.44 99.99 97.80
CSRL(Ours) - 99.90 99.63 99.45 99.88 98.16
EDCY TMI’ 24 99.94 99.50 99.24 99.93 97.20
EA2DY TMI’ 25 99.95 99.70 99.55 99.80 98.80

CSRL(Ours) - 99.97 99.70 99.55 99.70 99.20

T UL AR A SR R B LML, TAR AR N ZRid R P A
RAESS

1) BR35H 4l 42 th A Ay S5 8 114 Jie g IX Il 35
PR, BT RN 5. SLRmas RNk 1 o, H
T LT RO 2R w2 10 7 VPR AR 0 O T )N 2k
MR ZEAE . B, AE 15 AUC /UK 89. 57%,
T2 BN 252 05 1 WA IS KT 98% 1 R AUC,
MM RE S I O L B R i — DA R BE AR T & 99%
DLk o ik —25 54T 5T I FH RS S S Tl 25k o
ARAF IR B2 OB R 7 P 4 S5 R DA 55 b LA W
RS M H

FHEE T LR Tk AR SCHE 1) CSRL J5 15 A &
% 49% AUC . F1.ACC 5 SPE #5475 I 09 F 145 5 5 5
FESS SR O 38 80 Y my e fE 1, 43 3128 99. 90%
(99.97%) . 99. 63% (99.70) . 99. 45% (99. 55%) 5
98. 16%(99. 20%) . iX L& b 48 br W , FATH 7
AR B AL T B AT T EARCIRGL T AP RE

2) ISIC E0 i 2 AR IR PEAE T HE AR A (1 5

x2 HEISICHEE LHRERNIERE (%)L

Table 2 Comparison of Anomaly Detection Performance
(%) on ISIC Dataset

Ik JEFRIE AUC FI

ACC SEN ~SPE

AE - 80.72 69.23 75.13 77.14 62.79
VAE - 80.49 67.02 74.96 70.00 77.78
GANomaly ACCV’ 18 71.60 61.91 67.53 72.38 64.77
f~AnoGAN MIA’ 19 75.90 65.06 69.95 77.14 65.85
SALAD TMI’ 21 72.62 61.90 66.84 74.29 62.60
PaDiM ICPR’ 21 82.13 72.04 73.06 95.71 60.16
EDC TMI* 24 89.33 80.10 84.28 84.76 84.01
EA2D TMI’ 25 90.98 83.27 87.25 87.43 87.15
CSRL(Ours) - 91.79 83.46 88.08 83.21 90.86
EDCY TMI’ 24 90.53 81.94 86.53 84.29 87.80
EA2D+ TMI’ 25 91.22 83.56 87.56 87.14 87.80
CSRL(Ours)} - 94.74 88.57 91.71 88.57 93.50

T L MR A R R BB LML, TARIEAR DN ZRid A P
IRAESESL

FE) R T —Fp RAERAS, 5 55 FEA B 0 22 5738
0N DRI ARG I e v . R 2 T SRR A R AR
B, Z 8000 kA Bk N RIMAE , FLF
AUC 38 A TA 5 90% , Z7-6 S WU TIAS BE 19 F1 434K
WEMT 70%. HEZF,EDC EA2D 54 U H
(1) CSRL J7 i B AT R W PR RE DL # | 45 TR An 34 47
FETE 80% LA I, R BLI FEIZ AT 55 th iy ol S

Horpr AR SR A CSRL L R BLR 1615
PERE I, H: AUC \F1,ACC 5 SPE DU 48 5 43 5 15 1]
91.79% . 83. 46% . 88. 08% 5 90. 86%, 1E 4= ¥ J7 ¥
WS A S L4 R s A e R RE U7 i, CSRL S 30 42
455, HE AUC . F1.ACC .SEN 5 SPE 43| i — 4 4
T4 % 94. 74% .88. 57%.91. 71%.88. 57% 5 93. 50%,
A F AR 5 1 EA2D 2 TH 5 o0 | 3, 40 51 438 Jin
3.52%.5.01%.4.15% . 1.43% 5 5.70%, £ H T
CSRL 7 VA AE 2 2 KT 55 vh i Bk

3) APTOS ZRAa4E 1) 5 5 A4 DR s 0 0 s 22
LR R LA A0 108 A2 08 ), B
7 DX Sl A Sy BRHRE  R] I X ASE AR (14 240 7 B R A 42
NECRE R . LR RMRI IR, FEREZEAN
LR AUCHE bR T T, AL 52 07 734 AUC {53
T 90%, 1Mij SOTA 771 EDC 5 EA2D NI RE 545 T 2
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Table 3 Comparison of Anomaly Detection Performance
(%) on APTOS Dataset

ViRiS JEKE AUC  F1 ACC SEN  SPE

AE - 76.91 83.61 74.07 94.83 26.21
VAE - 77.21 85.04 77.12 93.26 39.87
GANomaly  ACCV’ 18 83.72 85.85 79.37 89.71 55.52
f=AnoGAN MIA’ 19 89.64 89.71 85.23 92.29 68.94
SALAD TMI’ 21 78.46 85.06 77.35 78.76 42.48
STFPM BMVC’ 21 93.59 91.86 88.35 94.23 74.78
MKD CVPR’ 21 88.51 81.70 87.84 94.72 51.67
PaDiM ICPR’ 21 77.17 85.47 77.24 95.96 34.04
EDC TMI’ 24 95.84 93.49 90.93 93.34 85.36
EA2D TMI’ 25 97.53 95.95 94.35 95.91 90.95
CSRL(Ours) - 97.71 95.22 93.78 95.75 87.63
EDCt TMI’ 24 96.13 93.89 91.47 9391 85.84
EA2D+ TMI’ 25  97.59 96.01 94.40 96.55 89.44
CSRL(Ours) - 97.94 95.36 93.54 95.15 89.81

E L AR A S8R B e LML, TARIEARR N ZRid R P i)
ISR

HOE LA R AT AR

95% LA o 5 ZAH L, AR SCHEH 9 CSRL A IS T
JIrA 7 R e AUC S5 S S35 4 5] 97. 71%,
G O T A v 1 0. 18% s 1117 B AR (B I 3K 5] 97. 94%,
FETF0.35%, DL 45 S UEBH T CSRL J7 i 78 APTOS
AL T B T SRR BE T .
2.4.2 SRS ATAAE T 2 AR

SR PEA T 1k A T SRR O O R R k2 7
PERE , FRATL ] T A SCHE H 19 CSRL Jr ik 5 EDC
EA2D J7 75X = P g 4 55 REAS 1 T Ak 45 SR LA
HEFT AT HE AT o

Sk HE S R AR L FRAT T AR SO iR R Y
A Ay FEFEA A ZE [0, 11X 8], I b SRAE B R A
EG RSP EE TR ARGZ o fERXTH, EDC
5 EA2D J7 7 i A B UAR 5 I IR A A5 i) B i A2
A, A5 S s, CSRL 7 12 RS 75 728 [X 1,
A R e A AL A I 7, ASASCAE 45 8] 40 A b 595 k1Y)
LS B R i — B, FLHL S S X
SO kL TR AR R BE AR X . T AT L
5K, CSRLITIRTEARFRIE S MY =2 R h B
Az B AR R LG RS % M (80 58 i 45
G RBSEH EMATLS L EA BEH.

ISIC

L 7

Fig. 5 Visual comparison of anomaly localization results by different methods
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ko SEHICSE T 45 Bl B 7RI Zhad 12 rh BRUAS 0 fefEpE
fie, S5 AR 4 PR

SEURAE LR, T AT X AR A R I R 1Y)

PEFRAE AR, H =38 ) AT o 25 Rt ol Fe £

TE APTOS £ 645 I, E BRI AL | A SAE £
Hem , AUC T 97. 1%, W1 2 Pl A 2
SR TR AR RHIE R R . BN A DACL B 5, AUC
HE—2 4T 2 97. 60%, Y5 UE T #5380 [ W 1 2k %t
R E S O B A RO . MAF A e B 4l R A
AUCIK#]97. 23%, uEB 2 REERLG A B T34 A
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F4 HEMXWER
Table 4 Results of Abaltion Studies

APTOS 1SIC BR35H

DACL SAE MAF  ACCt Fl+ AUCH ACCH Fl+ AUCH ACCH Fli AUCH
92.30 94.52 96.94 81.35 75.68 88.23 99.50 99.67 99.89

N 92.40 94.61 97.11 85.49 80.82 91.16 99.50 99.67 99.93

N 93.00 94.99 97.60 86.53 82.67 91.72 99.60 99.73 99.96
N R 94.41 97.23 82.90 7871 88.52 99.40 99.60 99.58

N N 89.20 92.58 95.66 87.05 83.44 93.43 99.40 99.63 99.95
Vo913 93.95 97.12 81.87 7771 89.19 99.55 99.70 99.84

N v 9286 94.93 97.17 89.64 85.51 92.31 99.30 99.54 99.90
N N 93.78 95.22 97.71 91.71 88.57 94.74 99.55 99.70 99.97

FE LA R A S8R A e UL, TARIEACR N Zhad B P i dre A4 2R

JEHATE AE B . 2 =AM ) T AR AR
5 7 | MBS AUC 97. 71% F1 ACC 93. 78%, 7 W
DACL.SAE 5 MAF = F Bt 5 PR, & [R5 Xk
O AR B ARSI 5 A o RE

TR ISIC Bl 4R | S B Drmk o o 1 35 . ik
Bl A5 Y A AUC e A3 E M 88. 23%, B A SAE &,
DACLJ& , AUC 435I T+ 2 91. 16% F191. 72%, 7R
T A L 22 S A 55 v R 3 i G N Y
AR o MAF gl fift 7R 4 ok $8 71, AUC 35 2]
88.52%. DACL 5 SAE M [R/E IS, AUC #E— 24
T+ 28 93. 43% , F B & AEIZ AT 55 v HoA B 8 04 Biv Il
BN . AL HREE A, BRI T 4R R AUC
94. 74% 1 ACC 91. 71%, 5 3iE T CSRL AE 48 7£ [l X
o I 7 S5 v A A

16 BR3SH B4l 48 -, FERb AR & 244 0 S Ao ik
BB, AUC FefEH 53 99. 89%., & MiH iy 5] AT ok
g T, Hrh = F KA 5 S T M i AUC
99. 97%, ik B CSRLAE 42 76 A [A] ¥ B2 4% 55 rh 24 g
FESAE AR U RE

ZEA AT A ER AR 0 T AL S IR 25 R nT I, 3
F BYOL 1y #5350 A W& W 2R A B (DACL) 76 42 T
55 AR 8 7 T JR I B E UL F . FE APTOS 1 ISIC
HAELE L DACL 43545 >k 0..66 F1 3. 49 4~ 43 5 Y
AUC 2T, JL 2 T B e = B rp SR B 4 Ry 58
o BRI E E A PR M 0 1SIC B s 4 I, DACL
55 SAE £ 8 iy B WA FH #F — 20 1 g e T &
93. 43%, ‘B~ H HAE Ry FERMRR AR R OB B (1 B A1y

(o SEUREE TSR] T B8 7 A5 N RAE 2% > e

TR A K B b A S AR RO B R
AU, DA 8 35 4 T MR X I 2 S REAE 1 1)
[

H 76 S8 R A 55 o, S 6 1) T e 2
AR BOAIE R 2 2. B I 2 RO
ARG FEZ 7 T RS FoAT A X MAF BT T
AL Rl T

W 6 fros, T AR L T MAF BEHR gl & )5 79 52
A5 = AN A OB 07 46 S R . AARSERK
HRT  TRIZFRIEA B 58 B BR USRS ff 2 f0a kT
B DI, 25 V400 o, 8 S TR B Xkt
SRR RE A B, S B AN s 2 HRAE
S TR A N YA R R 2 2 (R ERO S T —
7 ARy XA AFAE PR TR RO G s IR B R S 0
Pl SR R 8 2 5 5 5 1 R DX, (H 255 ] 2R AR P55
55, VAR . 4t MAF Bl e 4
B 55 B ERA T 8 R RS R RE T
o JE I A () R A M TR S B T 5 ) k9 R
i, T4 50k Y LS A B = BE W) . AT
AL SE R W], MAF BEHGE £ [ 8 0 A 2 RO R
TUE, FE LR35 10 52 (57 1) ) el A e e B T S k48
T B TH 1 S5 K 00 % A 5 e R T g o
2.6 4F{ERTARAL S HT

J T iSRG A SO CSRLAESE 1) A
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Fig. 6  Visualization of localization performance with the multi-scale anomaly fusion module
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