Application of convolutional neural network to improve the efficiency of tumor segmentation in prostate MRI
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Prostate cancer is one of the leading causes of death among the male population from oncological diseases. One of the reasons for high mortality is the difficulty of diagnosing the disease in the early stages of tumor development. The classic method of cancer detection is monitoring prostate-specific antigen (PSA). One of the options for helping in the analysis of MRI studies is the development of technological solutions based on Artificial Intelligence (AI) algorithms [1, 2].
Among the AI ​​methods for detecting neoplasms on prostate MRI, semantic segmentation is the most suitable, as it allows pixel-by-pixel division of images (MRI slice) into neoplasm and healthy tissue. For most tasks, it is sufficient to use one neural network architecture, but complex problems may require using complex approaches, including several neural networks. Our work is aimed at finding and describing the optimal method for detecting prostate cancer in pelvic MRI studies. The main task is to obtain segmentation of the prostate and cancer. The work used anonymized data from a closed dataset of 400 studies. Based on our research and the results obtained, we can divide the course of the study into three stages - preliminary, main, and final. 

The preliminary stage includes the use of a neural network for prostate cancer segmentation, as well as an approach with the preliminary use of a classifier trained to divide slices into two classes: "with cancer" and "without cancer". In the first case, we used two approaches to cancer segmentation - segmentation of 2D data, and segmentation of 3D data. In the second case, we formed a new dataset, leaving only those slices that were marked by the classifier as containing cancer. Then the new dataset was used to train neural networks for 2D and 3D segmentations. It is worth noting that here and below, when choosing neural networks to train, we focused on architectures that showed excellent results in medical problems close or adjacent to ours. The standard segmentation metric, the dice metric, was used as a training quality metric.
The main stage of the research in our work was based on the allocation of the prostate area and took place in three stages. At the first stage, we checked the quality of the neural networks of segmentation for the allocation of the prostate on 2D and 3D data.
To improve the results, we decided to try the idea from the preliminary stage, namely, to transfer to the segmentation network only those sections that contained the prostate. To do this, we trained the neural network for binary classification (presence/absence of the prostate on the slice). Then we formed a new dataset. However, at this stage, we made adjustments to the rule for forming the new dataset, namely, now we left only sections in the range from the smallest to the largest section number. This approach is justified by the fact that the prostate is a solid continuous organ, and thus we exclude a possible classifier error in the middle section.
To improve the results, we decided to try the idea from the preliminary stage, namely, to transfer to the segmentation network only those sections that contained the prostate. To do this, we trained the neural network for binary classification (presence/absence of the prostate on the section). Then we formed a new dataset. However, at this stage, we made adjustments to the rule for forming the new dataset, namely, now we left only sections in the range from the smallest to the largest section number. This approach is justified by the fact that the prostate is a solid continuous organ, and thus we exclude a possible classifier error in the middle section.
The final stage involved using the best prostate segmentation method to generate a modified dataset and training networks for 2D and 3D cancer segmentation with the best performance from the preliminary stage.
As a result, at the final stage, we trained two networks for cancer segmentation on the modified dataset. The SwinUNETR architecture network showed the best results in 3D segmentation. The results of cancer segmentation by the best method are shown in Figure 1.
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Fig. 1. Сегментация рака итоговой моделью 3D сегментации. Зелёный цвет соответствует истинной маске
