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DI-MobileNet: A lightweight network-based method to identify sacroiliac arthritis
DU Tao, YAN Jianhong

(School of Computer Science and Technology , Taiyuan Normal University ,Jinzhong 030619, Shanxi, China)

Abstract: Aiming at the characteristics of sacroiliac joint diseases with large intraclass variation and small interclass variation, a
classification model DI — MobileNet is proposed to improve the MobileNetV2 model, which takes the lightweight network
MobileNetV2 as the base model, proposes a multi—scale convolution structure based on Inception, and subsequently embeds the null
convolution into the model to extract sacroiliac iliac joint images with different scale features. The public dataset Digital Knee X-ray
with sacroiliac joint dataset is used for validation. Experiments show that the number of parameters of DI-MobileNet model is
2.23 M, which is much lower than that of conventional convolutional neural network. The accuracy reached 93. 05% on the Digital
Knee X-ray dataset and 97. 33% on the sacroiliac joint dataset, which were both higher than the other models, and improved 1. 4
and 6. 31 percentage points compared with the original model, respectively.
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Table 2 Comparison of model performance for the sacroiliac joint
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