
ON-LINE APPENDIX
Data Preprocessing
All thin-layer CT scans were preprocessed using the following

steps: resampling, cropping, and intensity normalization—

1) Resampling: we standardized the voxel size of the original

CT scan and manually labeled 3D masked images into 1 � 1 � 1

nearest neighbor interpolation.

2) Cropping: we cropped the resampled CT and manually la-

beled 3D masked images into 32 � 64 � 64 patches, which were

used as input data to train the 3D U-Net.

3) Intensity normalization: For more accurate semantic seg-

mentation, the average brightness and contrast fluctuations of CT

images of different samples should have a degree of consistency.

Thus, the CT images in the dataset are standardized so that the

pixel values of the CT images have zero mean and unit variance.

The scale and bias were obtained by statistical computing from

the training dataset, and they were used for whitening during all

phases, including training, validation, and testing.

4) Data augmentation: we conducted data augmentation with

the following methods: 1) adding a small amount of white noise to

the patch, which will be input to the neural network; 2) perform-

ing vertical and horizontal flipping at a probability of 0.5; and 3)

randomly disturbing the voxel size within the range of �0.2 mm

to introduce a degree of size variation.

Training
Due to voxel disparity among background, bone, and nerves on

CT images, the segmentation accuracy of nerves with smaller

voxel proportion will be very low if the conventional loss function

(eg, the cross-entropy loss function) is adopted, Thus, we used the

following weighted softmax cross-entropy loss function for

training:
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In the above function, x � � is voxel point, ak�x� is the activation

value at the last layer before softmax of voxel point x in channel k,

al�x� is the activation value at the last layer before softmax of voxel

point x in the ground truth channel, and w�x� is the cross-entropy

weight of voxel x. According to the manually labeled 3D mask,

different categories of voxel x in the loss function are given differ-

ent weights to balance the category frequencies. It was found that

the greater the difference in cross-entropy weight among the dif-

ferent categories of voxels, the more unstable the training process

and the slower the convergence speed will be. After balance is

reached, the IoUs of the categories with greater weights such as

nerves will be somewhat low. Conversely, if the difference in

cross-entropy weights of different categories of voxels is small, the

convergence rate during training is faster, but the category with

fewer voxels (such as nerves) will be easily covered by other cate-

gories and may not even be correctly identified. After reaching

equilibrium, the IoUs with fewer voxels are also lower. To this

end, the following training strategy was designed: In the early

stage of training (before epoch 40), the weight ratio of the 3 types

of voxels (background/bone/nerve) is 1:1:20. After it becomes sta-

ble (the last 60 epoch), we reduced the weight difference to 1:1:2 to

continue training to reach a new equilibrium state.

Five-Fold Validation
A sliding window of 32 � 64 � 64 is used to traverse the data with

stride � (20 � 40 � 40) to obtain the patch xi. The patch xi is

input to the current model M; then the model generates the cor-

responding probability mask yi � M�xi�. Finally, the automatic

segmented mask S is obtained with an algorithm combining yi

based on the location of xi on Y. The Dice score of each voxel class

is obtained with comparison of the automatic segmented mask

and the manually labeled mask. If the average of the Dice score is

greater than the prior best Dice score by the current iteration, the

current model parameters will be saved.

The combined algorithm is as follows: On the basis of the

location Li of patch xi in the CT scan, the corresponding proba-

bility mask yi is accumulated to the appropriate location of Y as

Y�Li�. For any voxel v�d,h,w� � X, the response of different chan-

nels of the last dimension in Y�d,h,w,:� is compared. If the value of

channel k is the largest, then the voxel belongs to category k.

On-line Table: Image-processing time of manual segmentation and proposed methods

Cases Data Uploading (sec) Data Preprocessing (sec)
Automatic Segmentation

(Nvidia GeForce 1080Ti GPU) (sec)
Total Processing

Time (sec) Manual Time (min)
1 8.57 3.45 1.55 13.57 31
2 8.54 2.6 2.29 13.43 32
3 7.27 3.01 4.42 14.7 33
4 5.04 2.58 2.28 9.9 26
5 9.5 3.3 2.28 15.08 36
6 2.73 1.88 6 10.61 25
7 3.97 1.81 2.87 8.65 26
8 9.97 3.04 3.45 16.46 37
9 6.04 2.76 2.9 11.7 28
10 8.81 2.78 6.947 18.537 35
Average 7.044 2.721 3.12 12.885 30.9

Note:—GPU indicates graphics processing unit.
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