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Automatic segmentation of organs at risk in
radiotherapy using 2D cascade-CNN model

Shi Jun', Zhao Minfan', Xue Xudong®”, Hao Xiaoyu', Jin Xu', An Hong', Zhang Hongyan’
1. School of Computer Science and Technology , University of Science and Technology of China , Hefei 230026, China;
2. Department of Radiation Oncology, The First Affiliated Hospital of USTC
University of Science and Technology of China, Hefei 230001, China;
3. Department of Radiation Oncology, Hubei Cancer Hospital, Wuhan 430079, China

Abstract: Objective Accurate delineation of organs at risk (OARs) is an essential step in the radiation therapy for canc-

ers. However, this procedure is frequently time consuming and error prone because of the large anatomical variation across
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patients, different experience of observers, and poor soft-tissue contrast in computed tomography ( CT) scans. A computer-
aided analysis system for OAR auto-segmentation from CT images will reduce the burden of doctors and the subjective errors
and improve the effect of radiotherapy. In the early years, atlas-based methods are extremely popular and widely used in
anatomy segmentation. However, the performance of atlas-based segmentation methods can be easily affected by various fac-
tors, such as the quality of atlas and registration methods. Recently, profits from the rapid growth of computing power and
the amount of available data, deep learning, especially deep convolutional neural networks ( CNNs), has shown great
potential in the field of image analysis. For most of the medical image segmentation tasks, the algorithms based on CNN
outperform traditional methods. As a special fully CNN, U-Net adopts the design of encoder-decoder and fuses the high-
and low-level features by skip connections to realize pixelwise segmentation. Given the outstanding performance of U-Net,
numerous derivatives of the U-Net architecture have been gradually developed in various organ segmentation tasks. V-Net is
proposed as an improvement scheme of U-Net to address the difficulties in processing 3D data. V-Net can fully utilize the
3D characteristics of images, although it is unsuitable for the 3D medical image datasets with few samples and the segmen-
tation tasks of small organs. Therefore, a two-step 2D CNN model is proposed for the automatic and accurate segmentation
of OARs in radiotherapy. Method In this study, we propose a novel cascade-CNN model that mainly includes a slice classi-
fier and a 2D organ segmentation network. visual geometry group (VGG )16 is used as the backbone structure of the classi-
fier and modified accordingly by considering the time overhead and the size of available data. To reduce the parameters and
calculation complexity, three convolutional layers are removed, and an additional global max pooling layer is used as the
bridging module between the feature extraction and the fully connected layer. The segmentation network is built upon the U-
Net by replacing the deconvolutional layers with bilinear interpolation layers to perform the upsampling for features. The
dropout layer and the data augmentation are utilized to avoid the overfitting problem. The classifier and the segmentation
network for each organ are implemented in Keras and independently trained with the binary cross-entropy and dice losses,
respectively. We use adaptive moment estimation to stabilize the gradient descent process during the training of the two
models. In the inference stage, the slices containing the target organs are first selected by the classifier from the entire CT
scans. These slices are then used as the input of the segmentation network to obtain the results, and some simple post-pro-
cessing methods are applied to optimize the segmentation results. Result The dataset containing CT scans of 89 cases of cer-
vical cancer patients and the manual segmentation results provided by multiple radiologists in The First Affiliated Hospital of
University of Science and Technology of China (USTC) are used as the gold standard for evaluation. In the experimental
part, the average classification accuracy, precision, recall, and Fl-score of the classifier on the six organs (left femoral
head, right femoral head, left femur, right femur, bladder, and rectum) are 98.36% , 96.64% , 94. 1% , and 95.34% ,
respectively. On the basis of the performance of the above classifiers, the proposed method achieves high segmentation
accuracy on the bladder, left femoral head, right femoral head, left femur, and right femur, with Dice coefficients of
94.16% , 93.69% , 95.09% , 96.14% , and 96.57% , respectively. Compared with the single U-Net and cascaded
V-Net, the Dice coefficient increases by 4. 1% to 6. 6% . For the rectum, all methods perform poorly because of the irregu-
lar shape and low contrast. The proposed method achieves a Dice coefficient of 72. 99% on the rectum, which is approxi-
mately 20% higher than other methods. The comparison experiments demonstrate that the classifiers can effectively improve
the overall segmentation accuracy. Conclusion In this work, we propose a novel 2D cascade-CNN model, which is com-
posed of a classifier and a segmentation network, for the automatic segmentation of OARs in radiation therapy. The experi-
ments demonstrate that the proposed method effectively alleviates the labeling sparse problem and reduces the false positive
segmentation results. For the organs that immensely vary in shape and size, the proposed method obtains a significant
improvement in segmentation accuracy. In comparison with existing neural network methods, the proposed method achieves
state-of-the-art results in the segmentation task of OARs for cervical cancer and a better consistency with that of experienced
radiologists.

Key words: segmentation of organs at risk ; convolutional neural network (CNN) ; cascade model; radiation therapy; cer-

vical cancer
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Fig.1 Overview of the proposed method for automatic

segmentation of organs at risk in radiotherapy
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Fig.3  Architecture of the classifier
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Table 1 Network parameter distribution of the classifier
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Fig.4  Architecture of the modified U-Net
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Fig.5 Number of the slices before and after data resampling
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Table 2 The results of the classifier on the test set
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Fig.7 ROC curves
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Fig.8 Visualization of segmentation results
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