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Abstract

Radiotherapy plays an important role in controlling the local recurrence of esophageal cancer after radical surgery. Segmentation
of the clinical target volume is a key step in radiotherapy treatment planning, but it is time-consuming and operator-dependent.
This paper introduces a deep dilated convolutional U-network to achieve fast and accurate clinical target volume auto-
segmentation of esophageal cancer after radical surgery. The deep dilated convolutional U-network, which integrates the
advantages of dilated convolution and the U-network, is an end-to-end architecture that enables rapid training and testing. A
dilated convolution module for extracting multiscale context features containing the original information on fine texture and
boundaries is integrated into the U-network architecture to avoid information loss due to down-sampling and improve the
segmentation accuracy. In addition, batch normalization is added to the deep dilated convolutional U-network for fast and stable
convergence. In the present study, the training and validation loss tended to be stable after 40 training epochs. This deep dilated
convolutional U-network model was able to segment the clinical target volume with an overall mean Dice similarity coefficient of
86.7% and a respective 95% Hausdorff distance of 37.4 mm, indicating reasonable volume overlap of the auto-segmented and
manual contours. The mean Cohen kappa coefficient was 0.863, indicating that the deep dilated convolutional U-network was
robust. Comparisons with the U-network and attention U-network showed that the overall performance of the deep dilated
convolutional U-network was best for the Dice similarity coefficient, 95% Hausdorff distance, and Cohen kappa coefficient. The
test time for segmentation of the clinical target volume was approximately 25 seconds per patient. This deep dilated convolutional
U-network could be applied in the clinical setting to save time in delineation and improve the consistency of contouring.
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Introduction

Esophageal cancer (EC) is a very aggressive malignant tumor,
and its incidence rate is increasing worldwide, especially in
China.! At present, the 5-year survival rate is only 15% to
25%.%* Surgical resection is the first-choice treatment for
EC,4’5 but the recurrence rate after radical resection is still high.
Local recurrence is the main cause of treatment failure,®’ and
postoperative radiotherapy is the main treatment method used
to control local recurrence and prolong survival.** The most
critical step of radiotherapy planning is to define and segment
the clinical target volume (CTV) and organs at risk
(OARs).'"!"! This task is usually carried out manually by radia-
tion oncologists based on recommended guidelines using a
treatment planning system. However, the manual segmentation
process is time-consuming and operator-dependent. The accu-
racy of segmentation is highly dependent on the knowledge,
experience, and preferences of radiation oncologists.'*!?

Previous studies have indicated that a fully automatic seg-
mentation method for radiotherapy is helpful to relieve radia-
tion oncologists from the labor-intensive aspects of their work
and increase the accuracy, consistency, and reproducibility of
region-of-interest delineation. Generally, automatic image seg-
mentation approaches can be classified into three types based
on region, edge, and classification.'* The features can be
extracted from the intensity, gradient, and texture. However,
it is still difficult to accurately segment the regions of interest
on computed tomography (CT) images with boundary insuffi-
ciencies based on gray-level information because of the low
contrast-to-noise ratio and high-density artifacts. Atlas-based
segmentation, which incorporates prior knowledge into the
process of segmentation, is one of the most commonly used
image segmentation techniques in clinical software.'>!” How-
ever, the tumor target may vary greatly according to the
patient’s body shape and size and the cancer type and state,
making it difficult to build a “universal atlas” for the tumor
target. In addition, it is time-consuming because of the deform-
able registration process.

In the last few years, a quantum leap has been made in deep
learning because of advancements in many areas. One partic-
ular area is the progression of convolutional neural network
(CNN) architectures for image classification and segmenta-
tion.'®2? Interest in applying CNNs to radiotherapy has
increased. The first work on OAR delineation with CNNs in
radiotherapy was reported by Ibragimov and Xing,*® who
used CNNs for OAR segmentation in head and neck CT
images. Tong et al** developed a CNN-based method for
multi-organ segmentation in head and neck cancer radiother-
apy. Men et al*>° developed a tumor volume segmentation
technique for rectal cancer, nasopharyngeal carcinoma, and
breast cancer; Li et al*’ focused on tumor target segmentation
of nasopharyngeal cancer in CT images based on deep
learning methods; and Zhang et al*® focused on gross target
volume automatic segmentation in non-small cell lung cancer
using a modified version of ResNet. Automatic segmentation
of the tumor target based on deep learning has become a

research hotspot, but few studies have explored the role of
deep learning in auto-segmentation of the CTV of EC based
on CT images as well as the efficiency of auto-segmentation
in end-to-end clinical application. In addition, because the
esophageal tumor is resected, the obvious tumor is no longer
present on patients’ postoperative images, increasing the dif-
ficulty of CTV delineation based on deep learning. '’

The present study provides 4 novel contributions. First, to
the best of our knowledge, there are no previous reports on
CTV auto-segmentation in planning CT images for patients
with EC after radical surgery. Thus, we developed a deep
learning model to segment the CTV of radiotherapy after rad-
ical surgery. Second, a deep dilated convolutional module in
the deep dilated convolutional U-network (DDUnet) was intro-
duced to extract original contest information directly from
input images and compensate contextual features into U-
network (U-Net) encode layers, and the results showed that
better segmentation performance and good convergence were
achieved using our DDUnet method. Third, batch normaliza-
tion (BN) was added to the DDUnet and original U-Net, and the
loss function based on the Dice similarity coefficient (DSC)
was adopted for fast and stable convergence in the training of
DDUnet and U-Net. Finally, our study results showed that the
overall performance of the DDUnet was better than that of the
U-Net, modified U-Net, and attention U-Net. Consequently,
the DDUnet could rapidly delineate the CTV with high
accuracy.

Materials and Methods

No ethical approval was required or obtained because this study
only involved the evaluation of processed images; it did not
involve patient information, a prospective evaluation, human
body experimentation, or highly invasive procedures. All
patients provided written informed consent prior to enrollment
in the study.

In this study, we introduced a deep learning model to realize
automatic CTV segmentation in radiotherapy for patients with
EC after radical surgery. Figure 1 is a flowchart of the study,
which was an end-to-end segmentation framework that could
predict pixelwise class labels in CT images. The training data-
set was used to optimize the parameters of the deep learning
model to achieve good CTV segmentation for radiotherapy.
The testing dataset was used to assess the performance of the
model.

Data Acquisition and Preprocessing

Ninety-one patients diagnosed with stage I or II upper and
middle EC from January 2015 to December 2019 at Anhui
Provincial Cancer Hospital were included in our study. All
patients received radiotherapy after surgery. The upper bound
of the CTV was the inferior edge of the cricoid cartilage, and
the lower bound was 3 cm below the tracheal eminence, includ-
ing the esophageal tumor bed, anastomotic stoma, and lymph
nodes in regions 2, 4, 5, and 7 of the chest. In some patients,
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Figure 1. Flowchart of CTV segmentation based on deep learning.

however, the lower boundary of the CTV moved further down-
ward according to the location of the resected tumor. Only
patients with a CTV within the scope mentioned above were
included.

All patients were immobilized with a vacuum cushion
and thermoplastic mask for the neck and shoulders in the
supine position. CT data were acquired on a Somatom Def-
inition AS 40-slice CT system (Siemens Healthineers, Erlan-
gen, Germany) or Brilliance CT Big Bore system (Philips
Healthcare, Best, the Netherlands) in helical scan mode with
contrast enhancement. CT images were reconstructed using a
matrix size of 512 x 512 and thickness of 2.5 mm. Radiation
oncologists contoured the CTV and OARs in the planning CT
scan using a Pinnacle treatment planning system (Philips
Radiation Oncology Systems, Fitchburg, WI, USA) system.
Each CTV contour that was used as “standard ground
truth (GT)” was delineated by an experienced oncologist,
modified and verified by a senior radiation oncologist, and
finally reviewed and approved by another senior radiation
oncologist.

All the voxels belonging to the GT segmentation of the CTV
were extracted and labeled based on the patient’s radiotherapy
structures and CT data exported from the treatment planning
system. Only the CT images containing the CTV were included
as training and test data. We marked the CTV part as label 1
and the other part as background according to the patient’s CT
images and radiotherapy structures. We preprocessed both
kinds of CT images to the standard Hounsfield unit value and
truncated the CT image intensity values of all scans to the range
of [—150, 200] Hounsfield units to remove the irrelevant
details. Each CT slice and annotation image were cropped to
a matrix size of 256 x 256 centered on the patient’s body center
of the current CT slice.

DDUnet Model Architecture

The U-Net,?! which focuses on biomedical image segmenta-
tion, was proposed in 2016 and outperformed state-of-the-art
techniques. The U-Net uses a series of down-samplings to
reduce image size and increase the field of perception; it then
uses up-sampling to expand the image size. Some information
loss usually occurs in the process of reducing and then increas-
ing the image size. To solve the problem of information loss in
the process of down-sampling, the DDUnet integrates a multi-
path dilated convolution module into the U-Net framework to
extract original context information directly from the input
images and compensate contextual features into high-level
convolutional layers.

In the present study, the dilated convolutional module
included 3 dilation convolutions with dilation factors of 1, 2,
and 4 and thus had receptive fields with a size of 3 x 3,5 x 5,
and 9 x 9 pixels. The rectified linear unit function and a stride
size of 1 pixel were adopted by the dilation convolution. The
same padding was added to the dilation convolution process to
maintain the feature size. The 3 dilation convolutions contain-
ing 64, 128, and 256 filters with a size of 3 x 3 respectively
generated 64, 128, and 256 feature maps from the original input
with a size of 256 x 256. To compensate low-level context
information to a high-level convolutional layer, the features
output by the dilated convolution branches were used to con-
nect with the U-Net encode layers. However, the size of those
multiscale feature maps had to match, so the maximum pooling
operation with a size of 3 x 3 and a stride size of 2, 4, and 8
pixels was used to match with the higher merged layer in the
DDUnet.

As shown in Figure 2, we constructed a 5-level hierarchical
DDUnet with some innovative modifications based on the orig-
inal design (U-Net) to achieve the goal of CTV segmentation
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Figure 2. DDUnet architecture. The numbers in the boxes represent the outputs of the operation. The third dimension is the number of features,
and the numbers of the first 2 dimensions represent the size of each 2-dimensional feature.

of EC. The detailed structure of the DDUnet model is
shown Table 1. The input started with 256 x 256 pixel
images. Five levels with 4 maximum pooling operations were
chosen to reduce the feature size from 256 x 256 to 16 x
16 pixels, allowing for the 3 x 3 convolution with rectified
linear unit operations to connect the center of the tumor to the
edge of the body for all patients. The same padding was added
to the convolution process to maintain the feature size. In the
DDUnet, BN was added after the 2 convolutions for every
level, which allowed for a more equal updating of the weights
throughout the network and led to faster convergence. After
the BN operation, the features were down-sampled after max-
imum pooling to the next level and connected with the output
of the dilated module by the concatenate function of the Keras
package. Our experiments showed that the number of BN
operations should not be too high; only 1 BN per level was
enough. The pooling options reduced the spatial size of the
feature map, which needed to be recovered to the original
spatial size for the segmentation task. Therefore, the decoder
part deployed a deep neural network, which took pooling
layer 5 as the input and a series of up-sampling layers. All
layers used 3 x 3 convolution with the same padding set.
Thus, we could carry out pixel-level classification for the
segmentation task. The final outputs generated the predicted
label for each pixel.

In deep learning, the loss function is the “baton” of the
whole network model, which guides the network parameter
learning through the error back-propagation caused by the

marking of prediction samples and real samples. To make the
model converge quickly, we used a loss function based on the
DSC that can express the segmentation results directly and
address the class imbalance problem present in the target vol-
ume segmentation data. The loss function is shown as

2 X (CTVpregice N CTVgr)
CTVnredict U CT VGT

Loss = 1

, (1)

where CTV,4ier Tepresents the auto-segmented CTV and
CTVgr is the GT segmentations of CTV.

Model Training

To assess the overall performance of the model, 19 patients
with 1104 CT slices were randomly selected as a test set, and
a 5-fold cross-validation procedure was then performed on the
remaining 72 patients with 3482 CT slices. Each of the 5 mod-
els divided the 3482 CT slices into 80% in the training set and
20% in the validation set. Five separate models were initia-
lized, trained, and validated in a unique combination of training
and validation. Each model predicted a pixel classification
label from the CT image. From these 5 trained models, we took
the best-performing model based on its validation and training
DSC and evaluated this model in the test set.

The Adam algorithm was chosen as the optimizer to mini-
mize the loss function. We used a learning rate of 1 x 10~*
and the default Adam parameters ; = 0.9, B, = 0.999, and
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Table 1. Detailed Model of DDUnet.

Layer name Type Stride Dilation Output
Dilation conv 3x3 1 1 256 x 256 x 64
3 x3 1 2 256 x 256 x 128
3x3 1 4 256 x 256 x 256
Maxpooll 3x3 2 None 128 x 128 x 64
3x3 4 None 64 x 64 x 128
3x3 8 None 32 x 32 x 256
Convl (x2) 3x3 1 None 256 x 256 x 64
BN 256 x 256 x 64
Maxpool2 2x2 2 None 128 x 128 x 64
Conv2 (x2) 3x3 1 None 128 x 128 x 128
BN 128 x 128 x 128
Maxpool3 3x3 None 64 x 64 x 128
Conv3 (x2) 3x3 1 None 64 x 64 x 256
BN 64 x 64 x 256
Maxpool4 2x2 None 32 x 32 x 256
Conv4 (x2) 3x3 1 None 32 x 32 x 512
BN 32 x 32 x 512
Maxpool5 2x2 None 16 x 16 x 512
Conv5 (x2) 3x3 1 None 16 x 16 x 1024
BN 16 x 16 x 1024
UpSampling 2x2 None 32 x 32 x 512
Convo6 (x2) 3x3 1 None 32 x 32 x 512
BN 32 x 32 x 512
UpSampling 2 x2 64 x 64 x 256
Conv7 (x2) 3x3 1 None 64 x 64 x 256
BN 64 x 64 x 256
UpSampling 2x2 2 128 x 128 x 128
Conv8 (x2) 3x3 1 None 128 x 128 x 128
BN 128 x 128 x 128
UpSampling 2x2 2 256 x 256 x 64
Conv9 (x2) 3x3 1 None 256 x 256 x 64
Conv10 3x3 1 None 256 x 256 x 3
Convll 1 x1 1 None 256 x 256 x 1

decay = 0. Because of the fast convergence of the improved
U-Net and DDUnet, the evolution stopped at approximately 40
epochs. Thus, we chose 40 epochs when training the model.
The deep network architecture was implemented in Keras2.1.6
with TensorFlow1.5 as the backend. One NVIDIA TITAN V
GPU with 12-GB memory was used for training and testing.

The model was trained on a single slice of the patient’s CT
images. The output was pixel-level classification for that
patient slice. The training batch size was 6 slices.

Performance Evaluation

When the training process was finished, the performance of
the model was evaluated with the other 19 patients with
869 CT slices. During the testing phase, all CT slices of the
19 test patients were tested one by one. The input was the
2-dimensional CT images and the final output was the pixel-
level classification, which was the most likely classification
label. All voxels that belonged to GT were extracted and
labeled. The DSC, Hausdorff distance (HD), and Cohen kappa
coefficient (KAP)*® were used to evaluate the performance of
the models.

DSC: The Dice metric measures volumetric overlap
between segmentation results and GT annotations. The DSC
was computed as shown in equation (2):

2 x (4N B)
A+B

DSC = ) (2)

where A is the set of voxels in the GT and B is the correspond-
ing set of voxels in the segmentation results. Therefore, the
closer the DSC value is to 1, the closer the result of auto-
segmentation is to the GT.

The HD is the maximum distance from one set to the nearest
point in the other set. More formally, the HD from set A to set B
is a maximin function, defined as:

di(4, B) = max(d(4, B),d(B, A))

= max{r;l&x min d(a,b), max min d(a,b)}

(3)

The 95% HD is similar to the maximum HD. However, it
is based on the calculation of the 95th percentile of the
distances between the boundary points in A and B. The
purpose of using this metric is to eliminate the impact of a
very small subset of outliers. In this study, the 95% HD was
chosen.

The KAP is a measure of agreement between 2 samples.*”
As an advantage over other measures, the KAP takes into
account the agreement caused by chance, which makes it more
robust. The KAP is calculated as follows:

KAP = Jo = Jc. (4)
N —f
fa=TP+1N, (5)

(TN 4+ FN) (TN + FP) + (TP + TP)(FN + TP)
N bl

(6)
where N is the total number of observations (in this study, N is
the number of voxels that need to be segmented) and f;, and
f. are calculated according to the so-called confusion matrix,
containing the true positives, false positives, true negatives,
and false negatives.

fo=

Results

To evaluate the efficiency of the automatic segmentation, the
performance of the DDUnet was compared with that of the
original U-Net, modified U-Net (U-Net + BN), and attention
U-Net, which integrates an attention gate into the U-Net and
improves the performance for segmentation tasks in medical
images.*' To ensure that the experiments were carried out
fairly in the training stage, the same training configuration was
used for all the models.
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Results of Model Training

The stability of the U-Net was poor when used directly. Figure 3
(left) shows the DSC values of training and validation for each
epoch when 5-fold cross-validation of the U-Net was per-
formed. Folds 3 and 5 of the 5 folds were very slow and useless.
To solve this problem, BN was added after 2 convolution layers
in each level of the U-Net. Figure 3 (right) shows the DSC
values of training and validation of the modified U-Net (i.e.,
U-Net + BN). All 5 folds were useful, indicating that the
stability and convergence were better than those of the U-Net
overall.

Figure 4 shows the training and validation DSC values as a
function of epochs from the best-performing fold of the DDU-
net, U-Net, and U-Net + BN models. Both the trained DSC
values of the DDUnet and U-Net 4+ BN gradually converged to
0.95, and the DSC values in the validation set tended to be
stable when the epoch neared 40. For the U-Net, both the

Figure 5. Boxplots obtained from DSC and KAP analyses.

training and validation DSC values were worse than those of
the U-Net + BN and DDUnet. All 3 models obtained after
training were used to evaluate the segmentation performance
on the test set of patients.

Results of Model Testing

The DSC, 95% HD, and KAP results for CTV segmentation in
the test set are summarized in Figures 5 to 7 and Table 2. The
proposed DDUnet method outperformed the U-Net, U-Net +
BN, and attention U-Net. Both the average and minimum DSC
values of the DDUnet were the best among all 4 models. The
maximum DSC value was the same as that of the U-Net + BN
and attention U-Net but higher than that of the U-Net. Table 2
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Table 2. Comparison of Performance of CTV Segmentation for
Patients With EC After Surgery.

DSC (%) 95% HD (mm) KAP
Models Max Avg Min Max Avg Min Max Avg Min
U-Net 89.0 83.5 76.5 31.3 21.4 142 88.7 83.1 76
U-Net + BN 96.7 844 749 438 23.6 4.57 965 84 743
DDUnet 96.7 86.7 79.5 37.4 194 4.57 96.7 86.3 79

Attention U-Net 96.7 84.5 75 44.4 223 4.57 96.5 842 74.4

Note: The boldface values indicate the best values among all models.

and Figure 5 show that the KAP followed the same trend as the
DSC. Meanwhile, the KAP for all test cases was >0.79. Figure 6
shows the DSC accuracy of all 4 models for 19 test cases. The

DSC results of most test cases were the highest among all
models; only a few were slightly lower. Figure 7 shows the
95% HD results of the test cases for all the models. The 95%
HD of the DDUnet for 11 of the 19 test cases was lower than
that of the other 3 models. The maximum, average, and mini-
mum 95% HD of the DDUnet were 37.4 mm, 19.4 mm, and
4.57 mm, respectively. These values showed reasonable over-
lap of the auto-segmented contours with those manually deli-
neated by senior radiation oncologists.

Figure 8 shows the CTV auto-segmentation results from the
transverse, coronal, and sagittal planes. In these examples, the
contours auto-segmented by the DDUnet were very close to
the GT contours, although inconsistencies were present as
shown in Figure 8G and J-L. Only a few corrections were
needed to confirm the results of automatic segmentation.



8 Technology in Cancer Research & Treatment

A B C
D E F

G H I
J K L

Predict GT m—

Figure 8. Segmentation results of (A-F) transverse, (G-I) coronal, and (J-L) sagittal CT slices for different patients.

The time required to perform auto-segmentation of all Discussion

CTVs with the DDUnet was about 25 seconds per patient We have designed an automatic segmentation method based on
using a personal computer with an Intel Core i7-870K pro-  deep learning for the CTV of patients with EC receiving radio-
cessor (3.7 GHz) and a NVIDIA TITAN V GPU with 12-GB  therapy after radical surgery. Our results suggest that the pro-
memory. posed DDUnet model can learn the semantic information from
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CT images of patients with EC and produce high-quality seg-
mentation of the CTV. Comparison of the proposed method
with the U-Net and attention U-Net model showed that better
segmentation performance and good convergence were
achieved using our DDUnet method. The proposed DDUnet
method deployed a multipath dilated convolution to extract
original context information directly from input images, com-
pensated contextual features into high-level convolutional
layers, and thus improved the segmentation accuracy.

Consistency of target segmentation is important for improv-
ing radiotherapy outcomes. Interobserver and intraobserver
variation is considerable.>? Automatic segmentation with guar-
anteed accuracy is an efficient way to reduce variability of
contours among radiation oncologists. Currently, the DSC
value is usually used to evaluate automatic segmentation per-
formance. In the present study, our method showed good per-
formance compared with the commonly used U-Net and
attention U-Net on the biomedical image segmentation area.
Regarding the target, the comparison is difficult because the
N-stage (most often NO) and selected levels are quite different
among previous studies. For the CTV, different studies have
shown mean DSC values of 60%,3> 68%/70%,>* 77%,° 78%,3°
79%.,%" 80.2%,*® and 82.6%,”® whereas the DSC value of the
DDUnet was 86.7%. Overall, it is reasonable to conclude that
the DDUnet achieved good results according to the experi-
ments. The proposed method that learns and predicts in an
end-to-end form can rapidly segment the CTV in all of a
patient’s image slices in approximately 25 seconds.

Although the segmentation details at the upper and lower
edges of the target were slightly worse as shown in Figure 8G
and J-L, the overall segmentation results were in good agree-
ment with GT. Each patient had different surgical resection
positions, resulting in different upper and lower positions of
the CTV. Consequently, fewer training data were present at the
edge than in the other parts.

The present study has several limitations. First, a model was
trained and assessed in patients with stage I or II EC who
underwent radical surgery. Tumors at different stages differ
greatly in contour, volume, and complexity, and these differ-
ences influence the performance of the automated segmenta-
tion. Second, the tumors were located in the upper and middle
esophagus in our study. The CTV varies greatly in terms of
tumor location among patients with EC after radical surgery.
This may make it difficult for the model to achieve consistently
good performance in other patients who have EC with different
tumor locations. This study mainly focused on EC target seg-
mentation after radical surgery from CT images, and the train-
ing set included 63 patients. Increasing the amount of training
data could make the DDUnet model more robust and accurate.

Summary

Accurate and consistent delineation of tumor targets and OARs
is particularly important in radiotherapy. Several studies have
focused on segmentation of OARs or the target volume using
deep learning methods. However, CTV segmentation for

radiotherapy of EC after radical surgery has not been reported
in the literature to date. The present report has described a
method using the DDUnet architecture to auto-segment the
CTV for stage [ or II EC after radical surgery using CT images.
The training and testing in this study were based on the original
clinical data, and the segmentation results for the test cases
were very close to the manual segmentation results by experi-
enced doctors.

The results showed that the DDUnet can accurately segment
CTV contours based on CT images, and only slight revision is
needed for radiotherapy treatment planning. The speed of seg-
mentation is very fast. The model obtained in this study can
greatly decrease the workload of clinicians performing manual
segmentation and improve their work efficiency. Thus, the
DDUnet has the potential to be used in the clinical setting for
auto-segmentation of the CTV of tumors treated by radiother-
apy after radical surgery. In future work, multimodality tumor
delineation will be studied to improve the segmentation accu-
racy based on other clinical cases.

Authors’ Note
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Cao/DDUnet.

Acknowledgment

The authors thank the radiation oncologists at Anhui Provincial Can-
cer Hospital for assisting with the target delineation.

Declaration of Conflicting Interests

The authors declare no potential conflicts of interest with respect to
the research, authorship, and/or publication of this article.

Funding

The authors disclose receipt of the following financial support for the
research, authorship, and/or publication of this article: This study was
funded in part by the National Natural Science Foundation of China
under Grant 61873001, in part by the Natural Science Foundation of
Anhui Province under Grant 1908085MA27, and in part by the Open
Foundation of Engineering Research Center of Big Data Application
in Private Health Medicine, Fujian Province University under Grant
KF2020008.

ORCID iD

Ruifen Cao, PhD (@ https://orcid.org/0000-0002-4223-3422

References

1. Chen W, Zheng R, Baade PD, et al. Cancer statistics in China,
2015. CA Cancer J Clin. 2016;66(2):115-132.

2. Torre LA, Bray F, Siegel RL, Ferlay J, Lortet-Tieulent J, Jemal A.
Global cancer statistics, 2012. CA Cancer J Clin. 2013;65(2):
87-108.

3. Kumagai K, Rouvelas I, Tsai JA, et al. Meta-analysis of post-
operative morbidity and perioperative mortality in patients receiv-
ing neoadjuvant chemotherapy or chemoradiotherapy for
resectable oesophageal and gastro-oesophageal junctional can-
cers. BrJ Surg. 2014;101(4):321-338.


https://orcid.org/0000-0002-4223-3422
https://orcid.org/0000-0002-4223-3422
https://orcid.org/0000-0002-4223-3422

10

Technology in Cancer Research & Treatment

4,

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Ren Y, Su C, Zhou Y, Zhao X, Yang CL, Liu YY. Effect of
bilateral supraclavicular postoperative radiotherapy in middle and

lower thoracic esophageal carcinoma. World J Gastroenterol.
2014;20(47):17970-17975.

. Almhanna K, Shridhar R, Meredith KL. Neoadjuvant or adjuvant

therapy for resectable esophageal cancer: is there a standard of
care? Cancer Control. 2013;20(2):89-96.

. Nakagawa S, Kanda T, Kosugi S, Ohashi M, Suzuki M, Hata-

keyama K. Recurrence pattern of squamous cell carcinoma of the
thoracic esophagus after extended radical esophagostomy with
three-field lymphadenectomy. J Am Coll Surg. 2004;198(2):
205-211.

. Mariette C, Balon JM, Piessen G, Fabre S, Van Seuningen JI,

Triboulet P. Pattern of recurrence following complete resection
of esophageal carcinoma and factors predictive of recurrent dis-
ease. Cancer. 2010;97(7):1616-1623.

. Cai WJ, Xin PL. Pattern of relapse in surgical treated patients with

thoracic esophageal squamous cell carcinoma and its possible
impact on target delineation for postoperative radiotherapy.
Radiother Oncol. 2020;96(1):104-107.

. Li CL, Zhang FL, Wang YDC, et al. Characteristics of recurrence

after radical esophagectomy with two-field lymph node dissection
for thoracic esophageal cancer. Oncol Lett. 2013;5(1):355-359.
Zhu'Y, LiM, Kong L, Yu J. Postoperative radiation in esophageal
squamous cell carcinoma and target volume delineation. Onco
Targets Ther. 2016;9:4187-4196. doi:10.2147/0TT.S104221
Pereira GC, Traughber M, Muzic RF. The role of imaging in
radiation therapy planning: past, present, and future. Biomed Res
Int. 2014;2014:231090. doi:10.1155/2014/231090

Vinod SK, Myo M, Michael GJ, Lois CH. A review of interven-
tions to reduce inter-observer variability in volume delineation in
radiation oncology. J Med Imaging Radiat Oncol. 2016;60(3):
393-406.

Yamazaki H, Hiroya S, Takuji T, Naohiro K. Quantitative assess-
ment of inter-observer variability in target volume delineation on
stereotactic radiotherapy treatment for pituitary adenoma and
meningioma near optic tract. Radiat Oncol. 2011;6(1):10.
Ashok M, Gupta A. A systematic review of the techniques for the
automatic segmentation of organs-at-risk in thoracic computed
tomography images. Arch Computat Method Eng. 2020;28:
3245-3267. doi:10.1007/s11831-020-09497-z

Iglesias J, Eand M, Sabuncu R. Multi-atlas segmentation of bio-
medical images: a survey. Med Image Anal. 2015;24(1):205-219.
Cabezas M, Oliver A, Llado X, Freixenet J, Cuadra MB. A review
of atlas-based segmentation for magnetic resonance brain images.
Comput Methods Programs Biomed. 2011;104(3):158-177.
Langerak TR, Berendsen FF, Van der Heide UA, Kotte AN, Pluim
JP. Multiatlas-based segmentation with preregistration atlas
selection. Med Phys. 2013;40(9):091701. doi:10.1118/1.4816654.
Krizhevsky A, Sutskever I, Hinton G. ImageNet classification
with deep convolutional neural networks. NIPS. 2012;25(2):
1097-1105.

Girshick R, Donahue J, Darrell T, Malik J. Rich feature hierar-
chies for accurate object detection and semantic segmentation. In:
Proceedings of the IEEE Conference on Computer Vision and

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Pattern Recognition, Columbus, OH, June 24-27, 2014:580-587.
IEEE.

Yu F, Koltun V. Multi-Scale Context Aggregation by Dilated
Convolutions. ICLR; 2016.

Ronneberger O, Fischer P, Brox T. U-net: convolutional networks
for biomedical image segmentation. In: International Conference
on Medical Image Computing and Computer-Assisted Intervention,
Munich, Germany, October 5-9, 2015:234-241. Springer.

Long J, Shelhamer E, Darrell T. Fully convolutional networks for
semantic segmentation. In: Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, Columbus, OH,
June 24-27, 2014;39:640-651. IEEE. doi:10.1118/1.4816654
Ibragimov B, Xing L. Segmentation of organs-at-risks in head and
neck CT images using convolutional neural networks. Med Phys.
2017;44(2):547-557.

Tong N, Gou S, Yang S, Ruan D, Sheng K. Fully automatic multi-
organ segmentation for head and neck cancer radiotherapy using
shape representation model constrained fully convolutional neural
networks. Med Phys. 2018;45(10):4558-4567.

Men K, Chen XY, Zhang T, et al. Deep deconvolutional neural
network for target segmentation of nasopharyngeal cancer in
planning computed tomography images. Front Oncol. 2017,
7(315):1-9.

Men K, Dai J, Li Y. Automatic segmentation of the clinical target
volume and organs at risk in the planning CT for rectal cancer
using deep dilated convolutional neural network. Med Phys. 2017,
44(12):6377-6389.

Li S, Xiao J, He L, Peng X, Yuan X. The tumor target segmenta-
tion of nasopharyngeal cancer in CT images based on deep learn-
ing method. Technol Cancer Res T. 2019;18:1-8. doi:10.1177/
1533033819884561

Zhang F, Wang Q, Li H. Automatic segmentation of the gross
target volume in non-small cell lung cancer using a modified
version of resNet. Technol Cancer Res T. 2020;19:1-9. doi:10.
1177/1533033820947484

Sahiner B, Pezeshk A, Hadjiiski ML, et al. Deep learning in
medical imaging and radiation therapy. Med Phys. 2018;46(1):
1-36. doi:10.1002/mp.13264

Taha AA, Hanbury A. Metrics for evaluating 3D medical image
segmentation: analysis, selection, and tool. BMC Med Imaging.
2015;15(1):29. doi:10.1186/s12880-015-0068-x

Oktay O, Schlemper J, Le Folgoc L, et al. Attention u-net: learn-
ing where to look for the pancreas. MIDL. 2018:1-10. doi:arxiv.
org/abs/1804.03999

Leunens G, Menten J, Weltens C, Verstraete J, Schueren EVD.
Quality assessment of medical decision making in radiation
oncology: variability in target volume delineation for brain
tumours. Radiother Oncol. 1993;29(2):169-175.

Jean-Frangois D, Andreas B. Atlas-based automatic segmentation
of head and neck organs at risk and nodal target volumes: a
clinical validation. Radiat Oncol. 2013;8(154):1-11. doi:10.
1186/1748-717X-8-154

Trebeschi S, Van Griethuysen JJM, Lambregts DMJ, et al. Deep
learning for fully-automated localization and segmentation of
rectal cancer on multiparametric MR. Sci Rep. 2017;7(1):5301.
doi:10.1038/s41598-017-05728-9



Cao et al

35.

36.

37.

Qazi AA, Pekar V, Kim J, Xie J, Breen SL, Jaffray DA. Auto-
segmentation of normal and target structures in head and neck CT
images: a feature-driven model-based approach. Med Phys. 2011;
38(11):6160-6170. doi:10.1118/1.3654160

Tsuji SY, Hwang A, Weinberg V, Yom SS, Quivey JM, Xia P.
Dosimetric evaluation of automatic segmentation for adaptive
IMRT for head-and-neck cancer. Int J Radiat Oncol Biol Phys.
2010;77(3):707-714.

Stapleford LJ, Lawson JD, Perkins C, et al. Evaluation of
automatic atlas-based lymph node segmentation for head-and

38.

39.

neck cancer. Int J Radiat Oncol Biol Phys. 2010;77(3):
959-966.

Gorthi S, Duay V, Houhou N, Cuadra MB, Schick U, Becker M.
Segmentation of head and neck lymph node regions for radio-
therapy planning using active contour-based atlas registration.
IEEE J Sel Topics Signal Process. 2010;3(1):135-147.

Men K, Zhang T, Chen X, et al. Fully automatic and robust
segmentation of the clinical target volume for radiotherapy of
breast cancer using big data and deep learning. Phys Med.
2018;50:13-19.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 266
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 175
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50286
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 266
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 175
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50286
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 900
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 175
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50286
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9
      /MarksWeight 0.125000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [288 288]
  /PageSize [612.000 792.000]
>> setpagedevice


