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Classification of pulmonary tuberculosis images based on

multi-view attention fusion
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Abstract: Computed Tomography(CT) images of pulmonary tuberculosis suffer from issues including noise
interference, weak lesion features, and insufficient utilization of three-dimensional spatial information,
which impair classification performance. To address these problems, this paper proposes a three-class
classification method for pulmonary tuberculosis CT images that integrates image enhancement and multi-
dimensional feature learning. This method adopts a joint preprocessing strategy combining multi-scale eight-
direction anisotropic diffusion enhancement and progressive N2F (Noise2Fast) denoising, which improves
the visibility of lesion textures. Subsequently, a lightweight Parallel Representation with PRISM-Net

(Iterative Spatial Multi-view Fusion Network) is constructed. The network utilizes an Iterative Multi-view
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Fusion(IMVF) strategy to extract complementary information from different spatial orientations, and

introduces a MDAM (Multi-Dimensional Attention Module) to enhance the expression capability of three-

dimensional features. Validated on an independent test set comprising 150 cases, the proposed method
achieves a precision of 94. 68% and a weighted F1-score of 94.63%. The AUC (Area Under the Curve)

for normal samples, active pulmonary tuberculosis, and inactive pulmonary tuberculosis reaches 1. 000 O,

0.992 6, and 0.992 3 respectively, outperforming benchmark models including MambaOut-Kobe,

MobileNetV3, MedVit and ResNet50.

Key words: pulmonary tuberculosis classification; image enhancement; multi-view fusion; multi-dimensional

attention mechanism; three-dimensional convolutional neural network
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Fig. 5 Comparison of image enhancement effects
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Tab.2 Analysis on the impact of image enhancement on

classification performance

Tk Precision Recall
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Tab.3 Comparative experiments on backbone networks

- ~ TEM 487
Precision Recall SR /M
ResNetl0 (3D) 0.903 2 0.892 3 14.357 1
ResNetl8 (3D) 0.9124 0.901 2 33.1615
ResNet34 (3D) 0.916 1 0.897 1 63.471 2
Vggl6 (3D) 0.842 2 0.827 3 195. 156

89.23 90.12 89.71
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Fig. 6 Comparison of backbone networks
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Tab.4 Comparison of different methods on the independent

test dataset (all metrics are weighted averages)

W R AR

(RINERGN
Precision Recall F1 Score AUC
MedVit 0.9021 0.8748 0.8852 0.9320
Resnet50 0.9154 0.8855 0.9047 0.9341

MambaOut-Kobe 0.9341 0.8979 0.9168 0.9632
MobileNetV3  0.9243 0.9031 0.9112 0.9584
PRISM-Net 0.9469 0.9467 0.9463 0.9943
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Fig.7 Test set confusion matrix
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Tab.5 Results of the ablation experiment

A B C EME} PSNRA MAEY
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Fig.9 Ablation study on multi-scale image enhancement
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Tab. 6 Ablation experiments (all reported metric values are the average of three class-specific metrics)

" R EER N
(TSITE=RPR MDAM IMVF
Precision 4 Recall 4 F1-Score 4 ZHE/M
Baseline X X 0.903 2 0.892 3 0.901 2 14.357 1
Model A N/ X 0.9121 0.904 8 0.9056 14.401 6
Model B X N 0.938 4 0.9405 0.939 5 14.465 2
PRISM-Net N/ N 0.946 8 0.946 7 0.946 3 14.5497
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Fig. 10 Comparison of ablation experiments
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