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ABSTRACT Carotid artery stenosis stands as one of the primary culprits behind ischemic stroke, a leading
cause of morbidity and mortality worldwide. The precise diagnosis of this condition is crucial for effective patient
management and treatment. At present, Digital Subtraction Angiography (DSA) is regarded as the gold standard
for diagnosing carotid artery stenosis, offering clear and detailed images that enable clinicians to visualize the
degree of narrowing in the artery. However, traditional diagnostic approaches often rely on pathologists to
manually scrutinize and interpret these images, a process that is inherently time-consuming, prone to human
error, and heavily reliant on the expertise of specialized diagnostic professionals.In this context, the advent of
artificial intelligence has brought forth promising auxiliary diagnostic tools, aimed at enhancing the efficiency and
accuracy of medical image analysis. Yet, despite significant advancements, many current recognition systems are
limited in their capacity to detect only a single area of stenosis within an image. Such limitations could lead to
incomplete or inaccurate diagnoses, potentially compromising patient outcomes.

To address these challenges and enhance the diagnostic capabilities for carotid artéry=stenosis, this paper
introduces a novel approach: the Non-Local Channel Attention Network (NLCANet)\ This advanced network
architecture is specifically designed to accurately classify carotid artery stenosisiBy leveraging the power of non-
local attention mechanisms and channel-wise feature extraction, NLCANet ‘offers a, more robust and nuanced
approach to image analysis, ultimately ensuring more precise and reliable diagnostic results. Through this
innovation, we aim to not only advance the field of medical image, classification/but also to significantly improve
clinical outcomes by enabling faster, more accurate diagnoses for patients suffering from carotid artery stenosis.

The proposed model is built upon two integral components that work in harmony to enhance the
performance of carotid artery stenosis classification: the/Non-Local Multi-Scale Fusion module (NLMSF) and the
Multi-Level Channel Attention module (MLCA).NLMSF draws/inspiration from the concept of non-local networks,
which are designed to capture long-range dependencies and relationships within an image. By simulating spatial
attention operations, this module enables the madel'to focus on critical regions of the image, regardless of their
location. This attention mechanism ensures that the’model considers global contextual information rather than
just local features, allowing for a more holistic understanding of the image. In addition to spatial attention, the
NLMSF also integrates a multi-scale_feature fusion strategy. This is particularly important for medical images,
where lesions or stenotic regionsymay vary in size and scale. MLCA, on the other hand, focuses on enhancing the
model’ s ability to prioritize’;and \utilize channel-wise information. Medical images often contain rich, multi-
dimensional data across différént echannels, and each channel may contribute differently to the classification task.
The MLCA module is desighed,tovefficiently identify which channels carry the most relevant semantic information
for the classification,of carotid artery stenosis, enabling the model to weight them accordingly,which in turn
boosts classificatiomaccuracy and reduces the potential for misdiagnosis.By combining both spatial and channel-
level attentionymechanisms, the model is empowered to capture a more nuanced understanding of the images,
ultimatelyleading to more accurate and reliable diagnostic predictions.By using key frame extraction techniques,
we established a carotid artery stenosis dataset and compared our proposed model with other mainstream
medical image classification models on this dataset. Our model achieved the best performance, with a
classification accuracy that is at least 2% higher than other mainstream models.

KEY WORDS Carotid artery stenosis; Digital Subtraction Angiography; Non-local networks; Channel attention;

Multi-scale feature fusion
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IR EERSHBNMREFHNEEREz—, BEERSMNAREMBIZRE. #F
W ES AR (Digital Subtraction Angiography, DSA) {EAXBNZEITEIKIEERNEFR
H, RETS/HENLERG, FEEERBEURIMEPIMRETH. AT, F5HH
DSA G MRBTRIEBEZRWFANFEMDT, X—ITETNEN, TR5ZEIRESE
RAEMESEREN, SESERERMEMSERZRIRE]. ki, Fahaih DSA &R
ERMMENMBEBICHMEREFARREZRBFEERANESM, XATEZWETT
RRNFIEFRBNRLIBTHR. B, REIPIEEMISEEFER M, BRE
HEWTIERIE, ERASFEZHZEIEN—REES.

FEETENMEFNEZEIRANVRELR, BaUNEEREIHERARKEREEX
BB B SIAGHNEGRLCEBEFRSESE, ATAKIEBRAFGCIRREF S Ha0E
T, MM AR ERISEREE AT RSN ARSI R XANAURKETE
BHSE, TREZFRSHBNSTHREMETER. BEit, FEMMAFHEARTE,
LUERRTESE DSA & AP EENCRE, RIRSIPKIEEIDEHREN XE.

WEHNMBEEA—ERBFLIE. HENRZE. MADEERENRZXER, £EF
GBI HAEELRET EENHER. FARERG KIS L, HENMATHNELR
MUER TEARAR, TAZMTUER T ESGENTL. EERG KGN, REFS
RAWERZH T NIZHERHEMEE (CNN) [112I5I A [BFEIET = AHLEI[2][3]
ISREMIREHEEIE. X—EARTANEZRS 7RG L EMmMYE, T1858 TR X
BFFERIRAIGE 1. ONN BT HMEFMERBR G EMEERRESN, EERGTEES
FES T RMREHR . XEMEEETR BMNERFFEIBRUHNFHERR, AMmEeT
REHBEF 73 AP IRETF THHELRBUAIPRE] 5 40 LeNet[4]. AlexNet[5]. VGGNet[6]F42
A, BB MRMERRFIEMMNETEE, BSES 7RG EMNMERE. FEEMEED
BIRN, WEREMEHMEEHREZ 0. ResNet (FREMLE) HIREEMER T REN
BN AR IL[E)E

EEZFE%AE, CNNs' sFANEIES 8312 I BIFEEWTEKIMERHE[7][8], M
FPKE GRS ENF 9 R ESF IR RE ARG B FAMEBE9I[10][11]. E—LE4FE R X
MBS HES £, AEHRTIAET CNNs NHEHREFIEREZUASIME ALER
MEHEIRAMERER][13]e BRILZ 5, —LHRIARARIBE R THIA CNNs #H—PRA DTN
P& E& & sERAME se Fsh R B N A= 0B [ 14][15][16].

AR DIHERIIN R E F I EEG S LGS —KA#H. EEAVFIEBEMEE
FTFEGFHEEES, NMRESSLERE. XMIFIRYEBRESLEBETIRE
BRI, BERFBAURSIANBTENMGE R 2 EFEE LT X HEHEE N A B X R A
FEREEM, 2 TR HEKME X B XIGAIRAEE . Flin, CBAM
(Convolutional Block Attention Module) [17]& %I — N ZEFEE SRR KR B 4FEE &
FXEXE, NMEESMRETIKEGNEERS. STEFEHNRETWE T
El, BEFEHNRIFTHL"REER. SENet (Squeeze-and-Excitation Networks) [18]2
—MREMAIF, EREMEMNRENEBERFETESREFRMN, EFBEFFEBEERN
=, MM TIREX A EHERIERE M 8

HEHNMREEEGEXES LHNXELZRANMURS T /LR ARMEEMRER, EHiE
MBHEWRE. FRMMEE. EFCHFSNLMNATESRM TRAZE., ZEF
Elgothd, XERARNMALAXLE, ENEHEEERRIZETFETT ITXIHE S ML
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AR, MESUIRIE TIFZ0FMRREZ IJEE, HPEEE VIT[19] (Vision
Transformer) . CaiT[20] (Class-Attention in Image Transformers) . ConvNeXt[21]1LAK
FixEfficientNet[22]5F . XLARBI R B A BMEFHIMEE . Vision Transformer (ViT)iEid 1% E &
FEIAZANR, HEAEUTERESLENREAN, F8lT7TERGIRAAHERE. &
M, VIT WAMERBENSERBE, FEHEERNIERBEMESHTIMD. Fit
i EARMEKR CaiT, SIANTIIENNG, BERATLEEREGESHEN. R
B, CaiT ELESHREIRE, ESHRMITERARS T KR AR aEM.
ConvNeXt N EHFHEM T ERMEMEANZITIES, MEMKEMNRESER, RI{RE
T1E% CNN Wfi#s. ERERZIGETERINNS, BEFEFES L, ConvNeXt AJRER K
F 1 & ITH) Transformer #IRB AL B . &G, 1EA EfficientNet RIEHI— 57,
FixEfficientNet &3 TSR MERMEZ BXBIREFTES. REZEREXRSEEN X+
RRERER, BERESEXANETEZEINESS, NEH—DMILLISSIIBRIEEE.
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4N, Geng FAR4|F AT —METREFINEGERRA, TTATHERKED DSA
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FZARSIMSINT “EH DSA” X—BIFES,  FIFB\U-Net 2243, @i 2L E
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EXBMGERE, AMAEREEZR. SItER, Khankari FA[27]iE AERHEMLE
BAKIRA S M2 BENNKAREMEAEFR, SEBRRIQUSEAKARE, HXA
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Table 1 Carotid Artery DSA Image Dataset Statistical Table

Dataset Number of pictures, format
Total number of pictures 1958
Mild stenosis 800
Moderate stenosis 601
Severe stenosis 557
Storage format JRG
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Fig.7 The results of the ablation experiment diagram.
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Table2 MLCA module comparative experimental results table.

Structure Mean-accuracy
SENet 0.841
CBAM 0.852
NAM 0.916

Single-Level 0.912
MLCA 0.937
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