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Abstract: To address limitations in computer-aided diagnosis of laryngeal disease, such as single-
view lesion presentation, insufficient classification accuracy, and reliance on subjective experience-based
judgment, an image classification algorithm for laryngeal disease based on a multi-scale cross-axis
attention fusion network was proposed. A multi-scale cross-axis attention mechanism was
introduced to enable precise localization of fine-grained pathological features through adaptive
feature weighting across spatial dimensions. A dual-stream collaborative learning architecture was
constructed to capture global anatomical structures while focusing on local contextual
information, facilitating multi-view feature extraction. A feature coupling module was designed

to prevent information conflict and semantic misalignment caused by simple concatenation,
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optimizing the feature space and deeply integrating local and global representations. Study results

showed that, on an in-house single-view, low-contrast laryngeal image dataset, compared with

the existing MVT-OFML model, improvements in accuracy, precision, recall, F1 score, and
specificity of 1.76%, 1.56%, 3.34%, 2.60%, and 1. 10% , respectively, were achieved. Also,

feature visualization analysis revealed that the fusion network’s decision mechanism exhibited

noticeable interpretability, with the distribution of activation intensities in key pathological

regions being highly consistent with clinical diagnostic criteria. This study is expected to provide

technical support for the development of intelligent computer-aided diagnosis systems.

Keywords: laryngeal disease; multi-scale cross-axis attention; fine-grained pathological feature;

dual-stream collaborative learning architecture; feature coupling module
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Table 1 Results of the comparative experiment on backbone
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LERME  MERREE KEEHEE A F1AR R
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A MCA
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87.61 82.95 83.94 83.39 93.44
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Table 2 Results of the comparative experiment on
classification algorithms

e HERR R HER FLa% frm i
DenseNet 88.30 85.91 83.21 84.37 93.42
SCNN-VGG  91.33 91.17 85.93 88.00 95.06
Res-Eff 91.95 90.61 87.27 88.68 95.54
Res-Eff-VGG 90.25 90.39 83.51 85.97 94.40
LG-CAFN  93.12 93.75 89.97 91.64 95.96
Mobile-VIT  93.76 94.01 90.67 92.17 96.29
MVT-OFML 94.28 94.66 90.79 92.51 96.61
MCAF-Net  96.04 96.22 94.13 95.11 97.71
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Table 3 Encoder decoder experimental results

i e 2 fif s 2 7H: fff 22 A 1 BE PEREIE:S F1 3% 5
DenseNetl21 MCA 88.90 86. 25 89. 07 87. 44 94. 00
MobileNet 92. 86 93. 30 90. 40 91. 64 95.91
SE 95.91 94. 87 94.72 94.79 97.71

ResNet50
CAA 95. 35 93.19 94. 71 93.91 97.53
ResNet50 MCA 96. 04 96. 22 94.13 95.11 97.71
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Table 4 Results of the comparative experiment of publicly available datasets
o W CT H R Wi CT R

‘ e F1 15 I e FI A Wi I
LG-CAFN 92.52 92.65 96. 17 98.01 98.01 99.01
Mobile-VIT 92.95 93.10 96. 40 98.12 98.12 99. 06
MVT-OFML 91.94 92.12 95. 87 98. 34 98. 34 99. 17
MCAF-Net 93. 38 93.51 96.61 98. 45 98. 46 99.23
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