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Application of deep convolution neural network in radiotherapy planning image segmentation
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Abstract: Objective To combine fully convolutional network (FCN) and atrous convolution (AC) for realizing automation
segmentation of tissues and organs in radiotherapy planning image. Methods A total of 122 sets of chest CT images were selected
in this study, in which the normal organ structures were sketched by radiotherapy physician, including 71 sets of CT images
(8 532 axial slice images) as training set, 31 sets of CT images (5 559 axial slice images) as validation set, and 20 sets of CT images
(3 589 axial slice images) as test set. Five kinds of published FCN models were selected and combined with AC algorithm to
form 3 kinds of improved deep convolutional neural networks, namely dilation fully convolutional network (D-FCN). Training
set was used for fully fine-tuning the above 8 kinds of network, and validation set was applied to validate the automatic
segmentation results for obtaining the optimal model of each network, and finally, test set was used to perform segmentation test
for the optimal models. The Dice similarity coefficients of automatic segmentation and physician sketching were compared for
evaluating the performances of these image segmentation models. Resulis After being fully fine-tuned with the use of training
set, each neural network model showed good performances in automatic image segmentation. The improved D-FCN 4s model
achieved the best automatic segmentation results in validation test, with a global Dice of 94.38%. The Dice of automatic
segmentations of left lung, right lung, pericardium, trachea and esophagus was 96.49%, 96.75%, 86.27%, 61.51% and 65.63%,
respectively. Conclusion An improved D-FCN is put forward in this study and the verification test shows that the improved D-
FCN can effectively improve the accuracy of automatic segmentation for radiotherapy planning image of chest, and segment
multiple organs synchronously.
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a: CT slice images

b: Organ structures sketched by physicians
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Fig.1 Computed tomography (CT) images in experimental data

set and samples of physicians sketching
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Fig.2 Dice—iteration curves of 8 kinds of network models

FCN: Fully convolutional network; AC: Atrous convolution; D-FCN: Dilation fully convolutional network
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Tab.1 Automatic segmentation results of each network model

Network model Global Dice/% Numbers

FCN 32s 90.96 485 000
FCN 16s 93.10 475 000
FCN 8s 93.69 425 000
DeepLab-largeFOV 92.97 115 000
DeepLabv2-VGG16 93.19 145 000
D-FCN 16s 92.98 500 000
D-FCN 8s 93.91 500 000
D-FCN 4s 93.92 500 000
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Tab.2 Test results of the optimal segmentation model of each network
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DeepLabv2-VGG16 93.51 95.73 95.86 85.01 49.11 64.99 25
D-FCN 16s 93.39 95.23 95.63 86.90 53.34 62.40 21
D-FCN 8s 94.29 96.21 96.46 87.28 60.51 65.36 35
D-FCN 4s 94.38 96.49 96.75 86.27 61.51 65.63 117
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Fig.3 Automatic organ segmentations of D-FCN 4s model

in 5 test cases
The left images were manually contoured by physicians, and the right

images were automatically contoured by D-FCN 4s model.
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