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Knee osteoarthritis based on improved Swin Transformer X-ray
image automatic diagnosis

Xu Chao  Wang Yunjian Liu Yang Lu Xuemei Ding Yong
(College of Physics, Liaoning University,Shenyang 110036, China)

Abstract: Knee osteoarthritis is a common disease in the elderly population, which is highly disabling. Automatic
diagnosis of knee osteoarthritis based on deep learning algorithm has important application value. Therefore, an
automatic diagnosis algorithm of knee osteoarthritis based on improved Swin Transformer model is proposed. The
transfer learning is protected by replacing the global average pooling layer of the neck network with a two-layer fully
connected layer plus RelLU activation function. Adding full connection layer and Tanh activation function to the head
network to combine more nonlinear features; in the process of data preprocessing and model training, data
enhancement is realized by relying on Albumentations library and adding Mixup module respectively. The experimental
results show that the proposed algorithm can effectively improve the classification accuracy of X-ray images of knee
osteoarthritis, and the diagnostic accuracy reaches 76. 0% on the public data set of Kaggle website. At the same time,
the generalization experiments on other X-ray image data sets of knee osteoarthritis and medical image data sets in
different fields show that it has good generalization ability, which further proves the effectiveness of the proposed
algorithm.

Keywords: knee osteoarthritis; Swin Transformer;automatic diagnosis;data augmentation
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Table 3 Results of ablation experiment
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3 — Vv — 106. 49 199.73 74.600 1
4 Vv Vv - 106. 49 199. 74 75.303 9
5 Vv Vv Vv 106. 49 199. 74 76.071 7
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Table 4 Comparative experimental results

¥ 4% 4 B i B A [ F1 434 FLOPs/G & /M HER R/ 1
ResNet-50 63.704 3 56.585 9 57.792 0 5. 400 25. 444 62.955 9
VGG-19 0.3215 0.304 7 0.309 5 19. 662 147. 450 63.147 8
Inception-V3 64.671 4 56.442 1 57.372 7 2. 845 21.796 61.868 2
RepLLKNet 58.621 3 57.329 1 53.207 3 63. 242 340. 990 60. 268 7
RepMLP 66.069 0 61.109 7 62.763 6 9.693 95. 682 66. 794 6
ConvNeXt-V2 68. 656 9 63.619 3 65.267 9 117. 760 672. 760 65.707 0
DaViT 65.989 5 62.120 5 63.752 2 15.510 86.935 64.633 3
MViT 64.407 4 59.875 7 61.446 4 10. 158 50. 708 64.555 3
MobileViT 65.391 5 62.309 9 63.147 8 1. 441 4.941 64. 683 3
XCiT 65.722 3 63.117 7 63.792 9 63.525 83. 813 65.323 1
RIFormer 66. 465 9 58.839 6 61.187 3 11. 596 72. 744 63.915 6
PoolFormer 64.821 9 57.854 2 60.078 3 11. 590 72.708 64.043 5
Conformer 63.951 4 59.481 0 60.947 1 22. 864 81.186 63.915 6
Twins 66.082 1 61.161 4 62.661 5 8. 475 55. 306 64.235 5

TNT 69. 200 3 67.455 5 68.104 5 5. 240 23.372 67.882 3

Swin Transformer 68.730 5 67.281 9 67.223 6 106. 490 199. 680 68.778 0
Improve-Swin Transformer 77.878 6 75.588 0 76.279 9 106. 490 199. 740 76.071 7
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Fig. 5 Grad-CAM activation heat map of the original model

and the improved model
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Table 5 Comparison of various accuracy rates %
LAY 0% 1% 2 % 3K 4%
Jir 5 Y 89.9 38.5 66.7 76. 1 91. 5
YOI 90,1 39. 6 74.5 84. 4 89. 4
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Table 6 Data distribution of generalized dataset
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Table 7 Experimental results of generalized X-ray image data set of knee osteoarthritis

o 2% 2 B i BE A [l F1 /34 FLOPs/G SR /M HEH R/ %
ConvNeXt-V2 63. 860 3 58.508 2 59.945 3 117. 760 672.760 62.500 0
TNT 62.040 7 58.836 5 59.528 7 5. 240 23.372 63.768 1

XCiT 68.254 1 55. 418 6 57.484 7 63.525 83.813 61.352 7
RepMLP 62.295 1 55. 084 4 54.438 0 9.693 95. 682 61.594 2
Swin Transformer-FC 74.925 9 71.785 4 72.795 6 106. 490 199. 740 73.369 6
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Table 8 Data distribution of wireless capsule endoscope

image dataset for colon diseases
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Table 9 Results of wireless capsule endoscope image data set for colon diseases
W 45 2 B i 5 EJEES F1 734 FLOPs/G SR /M R/
ConvNeXt-V2 99.002 4 99. 000 99. 000 0 117.760 672.760 99. 000
TNT 79.704 4 79.700 79.700 0 5. 240 23.372 99. 625
XCiT 98.889 9 98. 875 98.874 8 63.525 83. 813 98. 875
RepMLP 99.038 5 99. 000 98.999 6 9.693 95. 682 99. 000
Swin Transformer-FC 99.625 6 99. 625 99.625 0 106. 490 199. 740 99. 625
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