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Multi-scale 3D convolutional neural network-based segmentation of head and neck
organs at risk
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Abstract: Objective To establish an algorithm based on 3D convolution neural network to segment the organs at risk (OARs)
in the head and neck on CT images. Methods We propose an automatic segmentation algorithm of head and neck OARs
based on V-Net. To enhance the feature expression ability of the 3D neural network, we combined the squeeze and exception
(SE) module with the residual convolution module in V-Net to increase the weight of the features that has greater
contributions to the segmentation task. Using a multi-scale strategy, we completed organ segmentation using two cascade
models for location and fine segmentation, and the input image was resampled to different resolutions during preprocessing
to allow the two models to focus on the extraction of global location information and local detail features respectively. Results
Our experiments on segmentation of 22 OARs in the head and neck indicated that compared with the existing methods, the
proposed method achieved better segmentation accuracy and efficiency, and the average segmentation accuracy was improved
by 9%. At the same time, the average test time was reduced from 33.82 s to 2.79 s. Conclusion The 3D convolution neural
network based on multi-scale strategy can effectively and efficiently improve the accuracy of organ segmentation and can be
potentially used in clinical setting for segmentation of other organs to improve the efficiency of clinical treatment.
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Fig.1 Algorithm flow chart.
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Tab.1 Comparison of Dice coefficients of individual organ segmentation results under different network structures

Organs V-Net Ours Organs V-Net Ours
Eye R 0.793+0.266 0.886+0.029 Eye L 0.882+0.023 0.879+0.029
Mandible R 0.903+0.019 0.904+0.020 Mandible L 0.901+0.026 0.898+0.027
Lens R 0.287+0.356 0.689+0.145 Lens L 0.705+0.067 0.777+0.059
Optical nerve R 0.655+0.064 0.661+0.059 Optical nerve L 0.630+0.102 0.606+0.093
Inner ear R 0.848+0.041 0.825+0.053 Inner ear L 0.792+0.031 0.793+0.053
Middle ear R 0.793+0.074 0.780+0.071 Middle ear L 0.753+0.096 0.757+0.101
Parotid gland R 0.826+0.035 0.825+0.031 Parotid gland L 0.807+0.046 0.816+0.036
Temporal lobes R 0.856+0.062 0.853+0.066 Temporal lobes L 0.861+0.064 0.831+£0.074
TM.J. R 0.750+0.059 0.773+0.054 TMJ.L 0.757+0.049 0.702+0.084
Spinal cord 0.811+0.031 0.796+0.041 pituitary 0.570+0.224 0.586+0.266
Brain stem 0.855+0.033 0.868+0.017 Optical chiasma 0.488+0.111 0.499+0.119
Average 0.751£0.146 0.773+0.106
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Tab.2 Comparison of segmentation performance under different scale networks and different network structures

Single scale Multi scale
Algorithm
Avg. Dice Avg. memory  Avg. test time (s) Avg. Dice Avg. memory  Avg. test time (s)
V-Net 0.683+0.247 15412MB 33.82 0.751+0.146 15091MB 2.93
Ours 0.719+0.191 18486MB 34.97 0.773+0.106 11716MB 2.79
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Fig.6 Segmentation results using the proposed method. The first row is the original image; the
second is the ground-truth; the third is our results; the fourth line shows the difference between the
segmentation result and the ground-truth, in which the white outline represents the ground-truth

and the green outline represents the result.
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