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[Abstract] Objective This study aims to establish an effective postoperative femoral head necrosis

assessment protocol, with a particular focus on the complexity and diversity of digital radiography (DR)
images of the femoral head. Femoral head necrosis is a severe orthopedic disease, and early diagnosis is
crucial for patient prognosis. Traditional imaging assessment methods often rely on the professional judgment
of doctors, are susceptible to subjective factors, and have limited ability to extract and analyze image
features. Therefore, this paper proposes a deep learning-based classification model for femoral head necrosis,
aiming to improve the accuracy and computational efficiency of the model in recognizing DR images of the
femoral head. Methods This study uses the lightweight network MobileViT as the backbone network,
combining the advantages of convolutional neural network (CNN) and vision transformers to effectively
process high-dimensional image data. To enhance the feature extraction capability of the model, we embed
squeeze and excitation networks (SeNet) attention mechanism before the MV2 block, which helps the model
focus on important features by adaptively adjusting channel weights. In addition, we design a global grouped
coordinate attention (GGCA) module to enable the model to capture multi-dimensional global information and
perform feature enhancement. Finally, an unstructured pruning strategy based on L1 is adopted to reduce
computational costs and improve the computational efficiency of the model by removing redundant parameters.
Results This article selects clinical data of 470 patients who received closed reduction and hollow screw
reduction for femoral neck fractures in the General Hospital and South District of Anhui Provincial Hospital as
the dataset, and conducts ablation experiments and comparative experiments. The results show that the
accuracy of the model reaches 94. 57%, with a non-zero parameter quantity of 6. 64 X 10°, which is 30. 14%
lower than that before the improvement. Compared with the commonly used CNN model AlexNet, MobileNet
and ShuffleNet, this model improves accuracy by 10. 24%, 16. 26%, and 21. 98% respectively. Conclusions
The deep learning based classification model for femoral head necrosis proposed in this article has good
performance in postoperative detection of femoral head necrosis and is an effective attempt to assist doctors in
improving work efficiency. By combining lightweight network architecture, attention mechanism, and pruning
strategy, this model not only improves diagnostic accuracy but also reduces computational costs.

[Keywords] deep learning; digital radiography image; global grouped coordinate attention; model

compression ; feature extraction
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