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ABSTRACT

The various structures of artificial neural networks, such as convolutional neural networks (CNNs) and recurrent
neural networks (RNNs), have been extensively studied and served as the backbone of numerous models. Among
these, a transformer architecture has demonstrated its potential for natural language processing and become a
subject of in-depth research. Currently, the techniques can be adapted for image processing through the
modifications of its internal structure, leading to the development of Vision transformer (ViT) models. The ViTs
have shown high accuracy and performance with large data-sets. This study aims to develop a ViT-based model
for detecting pneumonia using chest X-ray images and quantitatively evaluate its performance. The various
architectures of the ViT-based model were constructed by varying the number of encoder blocks, and different
patch sizes were applied for network training. Also, the performance of the ViT-based model was compared to
the CNN-based models, such as VGGNet, GoogleNet, and ResNet. The results showed that the traninig
efficiency and accuracy of the ViT-based model depended on the number of encoder blocks and the patch size,
and the F1 scores of the ViT-based model ranged from 0.875 to 0.919. The training effeciency of the ViT-based
model with a large patch size was superior to the CNN-based models, and the pneumonia detection accuracy of
the ViT-based model was higher than that of the VGGNet. In conclusion, the ViT-based model can be potentially
used for pneumonia detection using chest X-ray images, and the clinical availability of the ViT-based model
would be improved by this study.
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Fig. 1. Architecture of the ViT network used in this
study.

Table 1. ViT models with various patch sizes and
the number of the ViT encoder blocks.
Model # Patch size # of the ViT encoder block

1 8 x 8 7
2 8 x 8 8
3 8 x 8 9
4 8 x 8 10
5 8§ x 8 11
6 16 x 16 7
7 16 x 16 8
8 16 x 16 9
9 16 x 16 10
10 16 x 16 11
11 32 x 32 7
12 32 x 32 8
13 32 x 32 9
14 32 x 32 10
15 32 x 32 11
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Table 2. Trainable parameters, sizes and training time
of the ViT and comparative models

Trainable Model size Training
parameter (MB) time (h)
ViT #1 5,545,729 809.41 5.39
ViT #2 6,335,489 924.42 5.58
ViT #3 7,125,249 1039.43 6.53
ViT #4 7,915,009 1154.45 6.81
ViT #5 8,704,769 1269.46 7.36
ViT #6 5,594,881 134.6 3.31
ViT #7 6,384,641 153.61 3.40
ViT #8 7,174,401 172.62 3.49
ViT #9 7,964,161 191.63 3.58
ViT #10 8,753,921 210.65 3.69
ViT #11 5,791,489 4535 3.19
ViT #12 6,581,249 51.61 3.36
ViT #13 7,371,009 57.87 3.44
ViT #14 8,160,769 64.13 3.53
ViT #15 8,950,529 70.4 3.58
VGGNet 139,573,185 844.31 5.23
ResNet 11,170,753 139.87 3.97
GoogLeNet 1,043,105 42.95 3.70
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Table 3. Performance evaluation results of the ViT

and comparative models

Accuracy  Precision Recall F1 score
ViT #1 0.873 0.849 0.902 0.875
ViT #2 0.872 0.852 0.899 0.875
ViT #3 0.895 0.889 0.906 0.898
ViT #4 0.913 0.908 0.925 0.916
ViT #5 0.916 0.905 0.933 0.919
ViT #6 0.889 0.892 0.895 0.894
ViT #7 0.884 0.886 0.892 0.889
ViT #8 0.899 0.905 0.902 0.903
ViT #9 0.896 0.902 0.899 0.900
ViT #10 0.914 0.920 0.914 0.917
ViT #11 0.892 0.892 0.901 0.896
ViT #12 0.912 0914 0.917 0915
ViT #13 0.907 0911 0911 0911
ViT #14 0.909 0.908 0.916 0.912
ViT #15 0.910 0.908 0.919 0.913
VGGNet 0.870 0.871 0.879 0.875
ResNet 0.986 0.988 0.988 0.988
GoogLeNet 0.985 0.985 0.988 0.986
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