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Abstract

Objective Accurate detection and segmentation of organs at risks (OARs) in CT image is the key step for efficient planning of

radiation therapy for nasopharyngeal carcinoma (NPC) treatment. We develop a fully automated deep-learning-based method

(termed organs-at-risk detection and segmentation network (ODS net)) on CT images and investigate ODS net performance in

automated detection and segmentation of OARs.

Methods The ODS net consists of two convolutional neural networks (CNNs). The first CNN proposes organ bounding boxes

along with their scores, and then a second CNN utilizes the proposed bounding boxes to predict segmentation masks for each

organ. A total of 185 subjects were included in this study for statistical comparison. Sensitivity and specificity were performed to

determine the performance of the detection and the Dice coefficient was used to quantitatively measure the overlap between

automated segmentation results and manual segmentation. Paired samples ¢ tests and analysis of variance were employed for

statistical analysis.

Results ODS net provides an accurate detection result with a sensitivity of 0.997 to 1 for most organs and a specificity of 0.983 to

0.999. Furthermore, segmentation results from ODS net correlated strongly with manual segmentation with a Dice coefficient of

more than 0.85 in most organs. A significantly higher Dice coefficient for all organs together (p = 0.0003 < 0.01) was obtained in

ODS net (0.861 £ 0.07) than in fully convolutional neural network (FCN) (0.8 =0.07). The Dice coefficients of each OAR did not

differ significantly between different T-staging patients.

Conclusion The ODS net yielded accurate automated detection and segmentation of OARs in CT images and thereby may

improve and facilitate radiotherapy planning for NPC.

Key Points

* A fully automated deep-learning method (ODS net) is developed to detect and segment OARs in clinical CT images.

* This deep-learning-based framework produces reliable detection and segmentation results and thus can be useful in delineating
OARs in NPC radiotherapy planning.

* This deep-learning-based framework delineating a single image requires approximately 30 s, which is suitable for clinical
workflows.
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Abbreviations

CNN Convolutional neural network
FCN Fully convolutional neural network
GPU Graphics processing unit
NPC Nasopharyngeal carcinoma
OARs Organs at risk
ODS net  Organs-at-risk detection

and segmentation network
Introduction

Nasopharyngeal carcinoma (NPC) is a cancer of the head and
neck that occurs with cancer of the throat in the region be-
tween the throat and nasal passages [1]. External beam radio-
therapy is one of the most effective treatments for NPC. In the
treatment planning stage, radiation oncologists or radiologists
manually segment organs at risk (OARs) in non-contrast CT
(in the following sections, we briefly use CT instead of non-
contrast CT) data primarily. After that, radiation physicist cal-
culates the dose and distribution of irradiation on these CT
data according to the manual segmentation and formulate
treatment plan based on the target of precision radiotherapy
that radiation fields are optimized to deliver the prescribed
dose to a tumor volume in NPC while sparing the nearby
healthy organs. Therefore, segmentation of organs at risk
(OARs) is a crucial task for radiation oncologists or radiolo-
gists. Manual segmentation is normally adopted in most clin-
ical practices, but this approach is time-consuming and labor
intensive. Moreover, manual segmentation often suffers from
large inter-operator variability [2], which directly influences
the quality of treatment plan and especially the dose distribu-
tion for OARs [3]. Accordingly, it is clinically desirable to
develop a robust, accurate, and automatic algorithm for the
segmentation of OARs in NPC from CT images.

Some of the auto-segmentation methods including model-
based segmentations [4—6], atlas-based auto-segmentation
[7-9], and hybrid approaches [10—12] have been discussed.
Due to the low soft-tissue contrast in CT images and image
artifacts (e.g., caused by dental implants), the use of fully
automated segmentation methods in radiation therapy plan-
ning remains a challenge.

Deep-learning techniques involving convolutional neural
network (CNN) are currently considered state-of-the-art ap-
proaches in detection, classification, and segmentation of im-
ages; this approach arises from the recent success in ImageNet
Large Scale Visual Recognition Competition and PASCAL
VOC detection and segmentation challenges [13, 14]. The
application of deep learning in medical imaging receives in-
terest because of the recent success of deep learning and its
promising results. The applications of deep learning include
detection of pleural diffusion and cardiomegaly at chest radi-
ography; detection of mediastinal lymph nodes and lung
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nodules at CT; segmentation of pancreas, brain structures,
brain tumors, cardiac structures, and bone and cartilage at
MR; and segmentation of cells at microscopic images
[15—17]. The first deep-learning-based method used in head
and neck CT image segmentation has segmented the spinal
cord, mandible, parotid, submandibular glands, larynx, phar-
ynx, eye globes, optic nerves, and optic chiasm, and the results
vary from a 37.4% Dice coefficient for chiasm to an 89.5%
Dice coefficient for mandible in different datasets [18].
However, the segmentation always fails due to the interaction
of organs as revealed by low soft-tissue contrast and blurred
boundary. To increase the accuracy of OAR segmentation, we
developed and evaluated a fully automated deep-learning-
based detection and segmentation method for simultaneous
detection and segmentation of OARs in NPC radiotherapy
planning by using CT images. In this approach, segmentation
was focused on the detection area, thereby reducing the influ-
ence of similar or neighboring structures on the results.

Materials and methods

This study was approved by the Institutional Review Board,
and written informed consent requirement was waived.

Patients

Two hundred and eight patients from January 2014 to
December 2016 for scheduled treatment of nasopharyngeal
carcinoma were included in this retrospective study. The in-
clusion criteria of patients were as follows: (1) newly diag-
nosed histologically proven nasopharyngeal carcinoma and
(2) not given prior treatment of any form. All diagnoses were
confirmed histologically according to the guidelines of the
TNM staging system. Patients who lost histological confirma-
tion were excluded (n=22). All the patients underwent CT
scanning (n=186). One patient was excluded due to the
strong artifacts caused by dental implants. One hundred and
eighty-five patients fulfilled all criteria and were included in
this study. Detailed clinical and demographics of the patients
are summarized in Table 1.

CT scanning

All scans were conducted for clinical indications. The CT
acquisitions were performed on a Brilliance Big Bore CT
scanner (Philips) with the following settings: 120-kVp tube
voltage, 275- to 375-mA tube current, 3-mm slice thickness,
and 1024 x 1024 x (80—145) imaging matrix that results in an
in-plane resolution of 0.363—0.639 x 0.363-0.639.
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Table 1 Clinical and demographic data for all patients
N 185
Sex Male 129

Female 56
Ages (years) 48.49+11.89 (14-77)
T-staging T1 27

T2 42

T3 84

T4 32
N-staging NO 5

N1 42

N2 115

N3 23
M-staging MO 173

Ml 12

The values in the “Ages” row represented as mean + standard deviation
(minimum and maximum values)

Manual segmentation

Manual segmentation was performed by a radiologist (with
10 years of experience) using ITK-SNAP [19]. For all pa-
tients, brain stem, right/left eye balls, right/left lens, right/left
optic nerves, right/left parotids, right/left mastoids, right/left
mandibles, right/left t-m joints, spinal cord, larynx, and oral
cavity were annotated in the CT scanning data. Inclusion of
certain OARSs into the treatment planning procedure depends
on the position of the tumor and image field of view. The
OARs mentioned above are mostly included in NPC treatment
planning procedure and can be clearly identified by the radi-
ologist in the CT images.

ODS net architecture

Deep-learning models can learn a hierarchy of features by
building high-level features from low-level features. The

convolutional neural networks (CNNs) are one of the most
popular types of deep-learning models, in which the trainable
filters and neighborhood pooling operations are applied in an
alternating sequence, starting with the input images. The con-
volution operation sequence can be described as a set of fil-
tered operations of the input images and the hierarchical fea-
tures. The last layer of network is usually a softmax layer that
is actually composed of cross entropy loss. The loss is back
propagated to the whole network. The deep-learning-based
framework (organs-at-risk detection and segmentation net-
work (ODS net)) was built on the basis of network structures
that have been used in studies for natural image object recog-
nition [20] and for image segmentation [21]. An illustration of
the framework is shown in Fig. 1. ODS net involves two
stages, namely, detection and segmentation. In the detection
stage, a CNN proposes organ bounding boxes along with their
scores, i.e., probability of them being a certain organ. In the
segmentation stage, a second CNN utilizes the proposed
bounding boxes to predict segmentation masks for the
OARs. The ODS net iteratively estimates the location of target
organs and outputs segmented masks and then compares the
output masks with reference masks. The reference masks en-
sure that the network learns the relationship between CT im-
age contexts and these reference masks. Given a new CT data,
the trained ODS net can output the location of the target or-
gans and the corresponding segmented masks.

ODS net implementation details

The training data for ODS net consist of non-contrast CT
images as input and the manual segmentation as the reference
masks. For the training procedure, 3D CT data were encoded
into the model as a stack of 2D axial images. All 2D input
images were resampled to a 400 x 400 matrix size by using
bilinear interpolation before being used as input to the ODS
net. Network weights were initialized by using a pre-trained
VGG-16 model [22] as adopted in [23] and updated by using
stochastic gradient descent [24]. The initial learning rate in the
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Fig. 1 Flowchart for the construction of the ODS net. The network
consists of two stages, detection and segmentation. Detection: a CNN1
proposes organ bounding boxes along with their scores, Segmentation: a

second CNN2 utilizes the proposed bounding boxes to predict
segmentation masks for the OARs. CNN convolutional neural network,
Cls classification, Pred bbox predicted bounding box
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detection stage is 0.001, which was reduced during training. In
the segmentation stage, the learning rate is le—10, and the
momentum is 0.9. ODS net training was performed using
70,000 iteration steps, which correspond to 28 epochs in our
training data, to achieve training loss convergence.

In this study, considering the standard cross-validation
strategy, we split the dataset into four fixed folds that individ-
ually contain approximately the same number of samples. We
applied cross-validation, i.e., training the model on three out
of four subsets and testing it on the remaining subset. The
ODS framework was implemented in a hybrid computing en-
vironment involving Python, MATLAB, and C/C++. The
ODS network was modified and fine-tuned based on Caffe
implementation with graphics processing unit (GPU) parallel
computing support [25]. All training and testing procedures
were performed on a computer running a 64-bit Linux oper-
ating system (Ubuntu 14.04) with an Intel i5 3570-K 3.4-gHz
processor, 4 TB of hard disk space, 128 GB of RAM, and a
CUDA-enabled Nvidia Titan X 12 GB GPU.

Statistical and data analysis

Sensitivity and specificity were performed to determine the
performance of the detection stage of the ODS net. The
adjusted Wald method was used to determine the 95% con-
fidence intervals of the sensitivity and specificity [26]. The
Dice coefficient, which is a similarity measure ranging
from 0 to 1 and describes the overlap between two labels,
was calculated for OARs for the segmentation perfor-
mance. The labels segmented from the ODS net and the
ground truth (delineated by an experienced radiologist)
were compared. A high Dice coefficient indicates good
labeling accuracy. Paired samples ¢ tests were used in
pairwise comparison between ODS net and fully
convolutional neural network (FCN). Analysis of variance
was used to compare the Dice coefficients of each OAR
between different T-staging patients. Statistical analysis
was performed using Matlab version 2012a (MathWorks),
and significant difference was defined by p <0.01.

Results

The training stage of ODS net necessitated approximate-
ly 18 h, whereas labeling a single input image by using
the trained model required approximately 30 s (0.16 s
for detection and 30 s for segmentation, a suitable con-
dition for clinical workflows). The training stage of
FCN necessitated approximately 24 h, and labeling a
single input image by using the trained model required
approximately 52 s.
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Detection

Sensitivity and specificity values were obtained from the de-
tection results (Table 2). The sensitivity and specificity were
as follows: 1 and 0.995 for brainstem, 1 and 0.998 for eye-
balls, 0.818 and 0.998 for lens, 1 and 0.999 for larynx, 0.999
and 0.996 for mandible, 1 and 0.997 for oral cavity, 1 and
0.996 for mastoids, 1 and 0.983 for spinal cord, 1 and 0.999
for parotids, 1 and 0.994 for t-m joints, and 1 and 0.997 for
optic nerves. Table 2 also shows the 95% confidence intervals
on the sensitivity and specificity for each OAR.

Segmentation

Examples of CT images, manual segmentation by an experi-
enced radiologist, and results of the ODS net and FCN are shown
in Fig. 2. Manual segmentation and automated segmentation
from the ODS net correlated well regarding the automated
OAR segmented results. Table 3 shows the mean Dice coeffi-
cients of the ODS net. The mean Dice coefficient was high for
brainstem (mean =+ standard deviation, 0.896 +0.03), eyeballs
(0.934 +0.04), lens (0.836 +0.07), larynx (0.87 + 0.04), mandi-
ble (0.913 £ 0.04), oral cavity (0.928 + 0.03), mastoids (0.823 +
0.06), spinal cord (0.884 +0.07), parotids (0.851 £0.05), t-m
joints (0.845 +0.05), and optic nerves (0.689 =0.1). As shown
in Fig. 2 and Table 3, ODS net performed better than FCN. The
mean Dice coefficients of OARs in ODS net and FCN signifi-
cantly differed (p = 0.0003 < 0.01). Paired samples ¢ test of each
OAR showed that ODS net provided the significantly higher

Table 2 Performance of the detection stage of ODS net

Sen (95% CI) Spe (95% CI)

Brain stem 1.000 (0.990, 1.000) 0.995 (0.99, 0.998)

Eye ball, L 1.000 (0.988, 1.000) 0.997 (0.992, 0.999)
Eye ball, R 1.000 (0.998, 1.000) 0.998 (0.994, 0.999)
Lens, L 0.786 (0.704, 0.851) 0.998 (0.995, 0.999)
Lens, R 0.850 (0.772, 0.904) 0.998 (0.994, 0.999)
Larynx 1.000 (0.973, 1.000) 0.999 (0.997, 1.000)
Mandible, L 1.000 (0.989, 1.000) 0.996 (0.991, 0.998)
Mandible, R 0.997 (0.983, 1.000) 0.995 (0.989, 0.997)
Oral cavity 1.000 (0.989, 1.000) 0.997 (0.993, 0.999)
Mastoid, L 1.000 (0.980, 1.000) 0.995 (0.990, 0.998)
Mastoid, R 1.000 (0.981, 1.000) 0.996 (0.991, 0.998)
Spinal cord 1.000 (0.994, 1.000) 0.983 (0.974, 0.989)
Parotid, L 1.000 (0.967, 1.000) 0.999 (0.996, 1.000)
Parotid, R 1.000 (0.968, 1.000) 0.998 (0.994, 0.999)
T-M joint, L 1.000 (0.957, 1.000) 0.994 (0.989, 0.996)
T-M joint, R 1.000 (0.961, 1.000) 0.994 (0.988, 0.996)

Optic nerve, L
Optic nerve, R

1.000 (0.947, 1.000)
1.000 (0.952, 1.000)

0.996 (0.992, 0.998)
0.997 (0.993, 0.999)

Sen sensitivity, Spe specificity, CI confidence interval
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Fig. 2 Comparison of results by using ODS net and FCN. Green line along with their score (in red), and the red line is the segmentation
is the manual segmentation and blue line is the segmentation result of result. ODS net organs-at-risk detection and segmentation network,
FCN. The results of ODS net contain detection results and FCN fully convolutional neural network

segmentation results: green bounding boxes is the detection result

Table 3  Comparisons of the Dice values with ODS net and FCN between different organs at risk

ODS net FCN t stat t critical p value

Left Right Average
Brain stem - - 0.896+0.03 0.837 £ 0.14 5.39 2.61 <0.00001"
Eye balls 0.932+0.04 0.936+0.03 0.934+0.04 0.88 £0.12 4.59 2.59 <0.00001"
Lens 0.83+0.07 0.842+0.07 0.836+0.07 0.77+0.2 3.13 2.63 0.002"
Larynx - - 0.87+0.04 0.814 +0.14 3.69 2.61 0.0003"
Mandible 0.914+0.04 0.912+0.03 0.913+£0.04 0.80 + 0.11 10.2 2.59 <0.00001"
Oral cavity - - 0.928 +£0.03 0.9 £ 0.07 3.45 2.6 0.0006"
Mastoids 0.821+0.05 0.824+£0.06 0.823£0.06 0.74 £0.17 6.26 2.61 <0.00001"
Spinal cord - - 0.884 +0.07 0.771 £0.22 9.55 2.58 <0.00001"
Parotids 0.852+0.05 0.85+£0.05 0.851+£0.05 0.821 £ 0.08 2.38 2.68 0.02
T-m joints 0.846 +0.04 0.844+£0.06 0.845+0.05 0.828 £ 0.17 2.83 2.65 0.006"
Optic nerves 0.661+0.1 0.717+0.1 0.689+0.1 0.642 +0.12 2.93 2.69 0.005"
Overall 0.861+0.07 0.8 +£0.07 571 3.25 0.0003"

The values were the Dice values, represented as mean + standard deviation
ODS net organs-at-risk detection and segmentation network, FCN fully convolutional neural network

“p<0.01 and  stat > £ critical was considered significant
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Table 4 Segmentation results of different T-staging patients

T1 T2 T3 T4
Brainstem  0.89 £ 0.04 0.88+0.03 0.89 + 0.04 0.9 +0.03
Eye ball 0.936 £0.05 0.926 £ 0.02 0.931 +£0.03 0.93 +£0.04
Lens 0.84 £0.08 0.824 0.1 0.831 £0.07 0.83 £0.07
Larynx 088+0.03 0883=0.05 0.85+0.05 0.87+0.05
Mandible  0.919 £ 0.03 0.906 + 0.03 0.907 = 0.04 0.92 = 0.03
Oral cavity 0.935 +0.02 0.922 +0.03 0.927 =0.03 0.92 = 0.03
Mastoid 0.82£0.04 0.827 £0.06 0.819 £0.06 0.828 + 0.06
Spinal cord 0.876 =0.08 0.88 £0.07 0.89 £0.05 0.87 + 0.09
Parotid 0.837 £0.06 0.844 £ 0.05 0.864 £0.05 0.85+0.04
T-M joint 0.87+0.02 0.85+0.06 0.833+0.04 0.83+0.06
Optic nerve  0.68 £0.12  0.69 £0.07 0.68 £0.09 0.67 £ 0.09

The values were the Dice values, represented as mean + standard deviation

T T-staging

Dice coefficients than FCN for 10 outof 11 OARs with p < 0.01.
Moreover, Table 3 also shows the ¢ and p values of paired sam-
ples # test of each OAR. Further, the Dice coefficients of each
OAR did not differ significantly between different T-staging
patients (Table 4).

Discussion

This study developed and investigated automated detection
and segmentation of OARs in NPC patients by a novel
deep-learning-based approach (ODS net). The method proved
to allow for accurate detection and segmentation in CT im-
ages. Detection accuracy was high. Automated segmentation
correlated well with manual segmentations and the reliable
segmentation results were shown in different T-staging pa-
tients. Overlap measured by the Dice coefficients was high
for each OAR. Compared with FCN which directly segments
a whole image without the detection operation, ODS net pro-
vided the significantly higher Dice coefficients.

This achievement of detection and segmentation can be ex-
plained by the fact the general appearance of OARs and sur-
rounding tissues remains similar among CT images of different
patients and OARs have a very relatively stable position in the
image that can be accurately modeled by deep-learning ap-
proaches to gain the high performance of detection and seg-
mentation. The added detection operation plays an important
role in segmentation operation that can only focus on a certain
region containing an organ and then segment this organ from
the background, thus avoiding the influence of other organs.

The accurate automated detection and segmentation offer
improved approaches to clinical assessment in the imaging
routine, as these may allow for a more precise therapy plan-
ning. Further, manual segmentation in clinical routine is time-
consuming; an automated segmentation is therefore
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warranted. What is more, one advantage of deep leaning is
its transferable learning performance. Transferable learning
refers to the transfer of trained model parameters to a new
model to help train the new model. That is, our ODS net is
easily trained to be a new model in other clinical applications
by using new medical images.

Limitation

This study has several limitations. First, evaluation of the pro-
posed techniques relied on manual segmentation that was de-
lineated by a radiologist. Thus, all manual segmentation of
different subjects as delineated by a radiologist must be con-
sistent. When a manual segmentation is conducted by another
radiologist to evaluate the proposed techniques, the accuracy
of the result is affected. Although the reduction in accuracy of
the result is minimal, the manual segmentation conducted by a
certain radiologist possibly does not reflect the true standard
of the reference used in segmentation. Second, the proposed
technique was evaluated in subjects undergoing a clinical CT
scan (Brilliance Big Bore, Philips) but not evaluated in sub-
jects examined by other CT scanners. Further evaluation of
ODS net in subjects examined by other CT scanners is neces-
sary to determine its robustness to CT imaging devices. Third,
in our study, since the treatment plan is conducted on the non-
contrast CT scanning, the ODS net is trained only on non-
contrast CT data and this may limit the accuracy of detection
and segmentation. Nevertheless, we plan to adapt the ODS net
with combination of the non-contrast CT images and contrast
CT images, even the MRI scanning after registration as train-
ing data to yield improved results on the non-contrast CT
images in future studies. At last, we only consider the detec-
tion and segmentation of serval anatomical structures of NPC
patients. We plan to include much more anatomical structures,
such as optic chiasm, pituitary, and thyroid, even the NPC
tumor volume to transfer the ODS net for the entire purpose
of planning stereotactic radiation therapy.

Conclusion

Fully automated detection and segmentation of OARs in clin-
ical non-contrast CT images of NPC patients based on deep-
learning method (ODS net) were accurate and reliable. The
accurate detection and segmentation may improve and facili-
tate therapy planning for NPC patients.
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