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Abstract

Knee Osteoarthritis (KOA) is a common joint disease, which is mainly manifested by the degeneration
of articular cartilage, the narrowing of joint space and the hardening of subchondral bone. Due to the aging
population, the incidence of KOA is increasing year by year, placing a heavy burden on society and the
healthcare system. Early and accurate diagnosis is of vital clinical significance to delay disease progression
and improve clinical prognosis. However, traditional imaging diagnostic methods have limitations in the
sensitivity and efficiency of feature characterization, and it is difficult to meet clinical needs. To solve this
problem, this study aims to construct a new computer aided diagnosis framework based on deep learning to
improve the accuracy and robustness of KOA radiology diagnosis. Through the introduction of advanced
deep learning technology, automatic learning of key features in medical images provides strong support for
early diagnosis of KOA, which has important clinical application value. The research work in this thesis
mainly includes the following three aspects:

1. Construction of KOA assisted diagnosis model based on transfer learning: This study introduced
ConvNeXt model into the field of KOA assisted diagnosis for the first time to establish a cross-domain
transfer learning framework. By using the large-scale pre-training model parameter initialization strategy,
ConvNeXt-T model showed excellent classification ability on the Knee X-ray Images data set, achieving
the optimal classification accuracy of 86.3%. In order to verify the effectiveness of transfer learning
strategy and model architecture, two sets of comparative experiments were designed and implemented. The
experimental results systematically verified that the convergence speed of the model was improved by 2-3
times by transfer learning, and the classification accuracy of ConvNeXt T was about 10% higher than that
of the commonly used classification models such as ResNet and MobileVit, which fully confirmed the
advantages of its architecture in the feature extraction of medical images. This result lays a solid foundation
for further model improvement and optimization, demonstrating the great potential of advanced model
architecture in the field of KOA diagnosis.

2. Improvement of KOA assisted diagnosis model integrating attention and wavelet transform: Based
on ConvNeXt infrastructure, this study further introduced a dual-path feature enhancement module to
improve the model's ability to capture and analyze lesion features. On the one hand, through gated channel
transformation, a dynamic weight allocation mechanism of channel perception is constructed, and a
cross-level feature interaction model is established. This model can effectively enhance the spatial
localization ability of the model to the lesion area, so that the network can pay more attention to the key
pathological areas in the image more accurately, and reduce the possibility of misdiagnosis and missed
diagnosis. On the other hand, the convolutional fusion strategy of wavelet domain is designed, and the

multi-resolution analysis path is constructed by wavelet transform. This strategy not only suppressed



high-frequency noise, but also significantly enhanced the response intensity of key pathological features
such as joint space stenosis and subchondral osteosclerosis, thus improving the feature saliency of key
regions of KL grading. The experimental results show that the ConvWGCNet model has excellent
performance under the four-dimensional evaluation system: the classification accuracy rate is 88.7%, the
accuracy rate, the recall rate and the F1 score are 88.9%, 88.4% and 89.1%, respectively, which are 2.4
percentage points higher than the baseline model. In order to further explore the function of each module,
the ablation experiment was further carried out in this study. The experimental results further confirm that
the synergistic effect of wavelet transform and channel attention module is significantly better than that of
single feature extraction strategy, which provides a strong support for the improvement of model
performance.

3. Design and development of KOA auxiliary diagnosis system: This study designed an intelligent
auxiliary diagnosis system for knee osteoarthritis based on B/S architecture. The system integrates Django
framework and PyTorch inference engine to realize the automation and intellectualization of the whole
process of medical image intelligent analysis. The system architecture covers image data import,
preprocessing, model inference diagnosis, result visualization and report generation, etc., providing a
convenient and efficient diagnostic auxiliary platform for clinicians.

Key words: ConvNeXt; Wavelet Transform; Attention; Knee Osteoarthritis Auxiliary Diagnosis

System
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