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A CT Image Recognition Method for Sacroiliitis Based on Deep Learning
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Department of Computer Science and Technology, Taiyuan Normal University, Jinzhong, Shanxi 030619

Abstract : CT is an important method for diagnosing sacrailiitis, but it relies on manual interpretation, leading
to misdiagnosis and missed diagnosis. Therefore, this study proposes a deep learning model,
MS-2.5D-Net, which integrates 2.5D slice input, multi-scale feature extraction and fusion. Firstly,
five consecutive CT slices containing the middle and lower segments of the sacroiliac joint space
are selected to construct 2.5D input, which retains the three—dimensional context correlation
while reducing the computational complexity. Secondly, the first layer of the model's convolution
is modified to adapt to 2.5D input, and the atrous spatial pyramid pooling (ASPP) module is
embedded in the encoding stage to simultaneously extract the local microstructure features and
global morphological features of the joint space. Finally, the residual feature pyramid network
(RFPN) is introduced to fuse high-level semantic and low-level detail features across layers,
alleviating the problem of gradient vanishing in deep networks. Experiments on a dataset of 29
cases show that the model has a sensitivity of 91.3% and a specificity of 95.2%, effectively
addressing the challenge of sacroiliitis discrimination and providing a reliable technical solution for
clinical auxiliary diagnosis.
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