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Purpose: We introduced and evaluated an end-to-end organs-at-risk (OARs) segmentation model that can provide accurate and consistent OARs segmentation results in much less time.
Methods: We collected 105 patients’ Computed Tomography (CT) scans that diagnosed locally advanced cervical
cancer and treated with radiotherapy in one hospital. Seven organs, including the bladder, bone marrow, left
femoral head, right femoral head, rectum, small intestine and spinal cord were defined as OARs. The annotated
contours of the OARs previously delineated manually by the patient’s radiotherapy oncologist and confirmed by
the professional committee consisted of eight experienced oncologists before the radiotherapy were used as the
ground truth masks. A multi-class segmentation model based on U-Net was designed to fulfil the OARs segmentation task. The Dice Similarity Coefficient (DSC) and 95th Hausdorff Distance (HD) are used as quantitative
evaluation metrics to evaluate the proposed method.
Results: The mean DSC values of the proposed method are 0.924, 0.854, 0.906, 0.900, 0.791, 0.833 and 0.827
for the bladder, bone marrow, femoral head left, femoral head right, rectum, small intestine, and spinal cord,
respectively. The mean HD values are 5.098, 1.993, 1.390, 1.435, 5.949, 5.281 and 3.269 for the above OARs
respectively.
Conclusions: Our proposed method can help reduce the inter-observer and intra-observer variability of manual
OARs delineation and lessen oncologists’ efforts. The experimental results demonstrate that our model outperforms the benchmark U-Net model and the oncologists’ evaluations show that the segmentation results are highly
acceptable to be used in radiation therapy planning.

1. Introduction
Cervical cancer is one of the most commonly diagnosed diseases for
women worldwide [1]. Radiation therapy is a major clinical treatment
for cervical cancer [2]. Accurate segmentation of organs-at-risk (OARs)
is critical for minimising radiation toxicities to these normal structures
during irradiation. Manual delineation of the OARs regions is considered the gold standard in current clinical practice. However, OARs
delineation is time-consuming and labour-intensive work for radiation
oncologists. It is estimated that an oncologist needs 90–120 min to
delineate the OARs in a cervical cancer patient [3]. Moreover, due to
the different levels of expertise and preferences of radiation oncologists,
large inter-and intra-observer variation has been reported [4–10]. The
variation may even introduce more differences than planning and setup
errors [4,11–13].
Automatic OARs segmentation tools can alleviate oncologists’
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efforts and reduce variability. Related algorithms and models have been
widely discussed. The poor contrast and high variability in size, location and shape of cervical cancer OARs restrict the use of intensitybased and model-based segmentation methods [14,15]. The methods
that have been commonly used in the existing studies during last few
years can be categorized into two groups: Atlas-based methods and
Convolutional Neural Network (CNN) based methods.
Previously, auto-segmentation techniques have been clustered into
3 generations of algorithms, with multi-atlas based and hybrid techniques (third generation) being considered the state-of-the-art [16]. Atlasbased methods are straightforward, and they commonly use an atlas to
provide the training images to match with the testing images [17–19].
The performance of atlas-based methods heavily relies on the deformable image registration accuracy and the selected atlases. Atlas-based
methods have achieved acceptable results for segmentation of OARs
especially for head and neck cancer patients [20–23]. The registration
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algorithms tend to work well for the structure in head and neck with
relatively fixed locations and shapes. But most results still require significant manual editing as atlas-based methods encountered difficulties
with patient variability in the regions with small areas, regions with
larger motion, deformable organs or organs near tumour regions
[23–25]. For instance, Ayadi et al. evaluated the performance of an
atlas-base method in through a multi-centre study in the case of prostate cancer, the mean Dice Similarity Coefficients (DSC) ± standard
deviations were 0.62 ± 0.09, 0.80 ± 0.19, 0.66 ± 0.09 and
0.69 ± 0.1 for prostate, bladder, rectum and hips respectively [26].
Although multi-atlas was introduced to improve the robustness of
segmentation as compared to single-atlas, they are prone to topological
errors, potentially affecting subsequent treatment planning and require
time-consuming manual editing [27,28].
CNN based models in deep learning methods have become dominant solutions for natural image semantic segmentation problems.
Popular models include the FCN [29], SegNet [30], U-Net [31], FCDenseNet [32], PSPNet [33], DeepLabv3+ [34] and so on. In the field
of OARs delineation in radiation therapy, deep learning based autosegmentation techniques have shown to provide significant improvements over more traditional approaches suggesting we have entered the
fourth generation of auto-segmentation algorithm development [16].
Recently published studies showed the effectiveness of CNN-based
models in head and neck cancer OARs [35–37], thoracic OARs [38–40],
abdomen OARs [41], and pelvis OARs [42,43]. Studies taken in [44]
demonstrate deep learning approach often performed better than the
multi-atlas method in radiotherapy automatic segmentation field.
Among all the CNN based segmentation models, U-Net was commonly
used, including for the multiple pelvis organs segmentation task. Samaneh K. et al. used the U-Net architecture to delineate the prostate,
bladder, and rectum in male pelvic CT images [45]. Anjali B. et al.
proposed a 3D U-Net with encoding arm modified with aggregated
residual networks (ResNeXt) for volumetric segmentation of prostate,
bladder, rectum, and femoral heads [46]. A muti-pass U-Net was proposed to automatic segment the pelvis in [47].
U-Net is a well-known CNN architecture for medical image segmentation. It follows the encoding and decoding path to create dense outputs
as FCN, and also includes skip-connections, which concatenate features
from the encoding to the decoding layers, to provide higher resolution
features to better localize and learn representations from the input
image. As an efficient end-to-end training model, U-Net does not require
a pre-trained network, and could be trained from scratch to achieve
accurate segmentation results with very little labelled training data [31].
Unlike natural images, it is hard to collect and label medical images, even
for experienced radiologists and oncologists. Furthermore, due to privacy
issues, it is often not easy to provide large amounts of data to the public
research community. Hence, it is necessary to design a segmentation
model that can be trained from scratch with relatively less medical data.
In this study, we proposed a new segmentation network based on the 2D
U-Net model to segment multiple OARs in cervical cancer CT images slice
by slice. We trained the model from scratch using the amount of data we
have and achieved satisfactory performance. To the best of our knowledge, this is the first work on cervical cancer OARs segmentation including the bladder, bone marrow, femoral head, rectum, small intestine
and spinal cord. In this model, we proposed a Context Aggregation Block
to extract the features in a range of receptive fields and used a SqueezeExtract Block [48] to reweight the organ mask importance. Comprehensive experiments were conducted and the results demonstrate the
efficiency and effectiveness of our proposed model.
2.

Methods

these patients were diagnosed as having locally advanced cervical
cancer. The average age ± standard deviation of these patients were
51.81 ± 10.14 years old. All the CT scans followed the DICOM protocol and were scanned using a Philips Brilliance Big Bore CT scanner
from November 2012 to January 2015. The pixel spacing of the data
was 1.1543 mm * 1.1543 mm with a 512*512 matrix, and the thickness
was 5 mm with slice number ranged from 71 to 119 (the average
number was 96 slices per patient). Seven organs, including the bladder,
bone marrow, femoral head left, femoral head right, rectum, small intestine and spinal cord, were defined as cervical cancer OARs. OARs
contours delineated manually by trained radiation oncologists before
radiotherapy in the clinical practice were used as the segmentation
ground truth. To ensure the delineation quality in this medical centre,
all the delineated contours was reviewed and modified (only when
needed) together by a professional radiation oncologist committee
consists of eight oncologists with more than 10 years’ experience on
radiotherapy of pelvic tumours, which is the clinical routine in the
radiotherapy department of this hospital.
2.2. Proposed method
Cervical cancer OARs segmentation is a challenging task since these
organs have various sizes, shapes, and locations and some of them may
have several isolated regions and unclear boundaries. Following the
design of popular deep learning-based segmentation models, we also
formulated this OARs segmentation problem as a binary pixel-level
classification problem. The predicted masks and ground truth masks
were one-hot encoded, which means each mask contained 6 channels in
a fixed order with one channel representing one organ. Note that we
treated the femoral head left and femoral head right as one organ in the
model but evaluated them as two individual organs to meet clinical
requirements. Hence, we have 6 channels instead of 7 channels. Despite
the simple architecture of U-Net, many studies have demonstrated the
effectiveness of U-Net in medical image segmentation [49–52]. Benefitting from U-Net, we designed a new segmentation model that followed the U-Net architecture. Our model contains an encoder part and
a decoder part, while the convolutional layers in the U-Net are replaced
by Context Aggregation Blocks. Both the encoder and decoder consist of
five Context Aggregation Blocks, and the feature maps in the encoder
part are concatenated to the corresponding feature map in the decoder
part. Fig. 1 shows the overall architecture of our network.
The Context Aggregation Block, which is shown in Fig. 2, uses dilated convolutions with different dilated rates and normal convolution
layers with different kernel sizes. This convolution block is similar to
the method described in [42,53], but we also utilize common convolution layers with larger kernel sizes [54]. The outputs of these
convolution layers are concatenated as the final output feature map. In
almost all CNN models, the feature maps are gradually down sampled
to capture the semantic contextual information in different image scales
and gain a sufficiently large receptive field [55]. The features in a larger
receptive field can help to improve the localization capabilities and
reduce the false positive predictions, which means that the model
predicted isolated regions that should not be segmented [56]. In addition, the dilation convolution can acquire the features in a larger receptive field without increasing the number of parameters. Although
the dilation convolution has achieved success in many studies, it is also
reported that the dilation convolution can cause “gridding artefacts”,
which can degrade the model’s performance [57]. Therefore, we combine dilation convolution layers with dilation rate of 2 and 3 and
normal convolution layers with large kernel sizes to aggregate the
features.
After the convolution layers, we use the Squeeze-Extract block to
assign different weights to each channel, thus to reweight each organ
mask importance. The Squeeze-Extract block is illustrated in Fig. 3. It
contains a global average pooling layer, two fully connected layers and
a sigmoid layer, which scale the output of each channel to a value
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2.1. Data
The anonymized data set consists of 105 patients’ CT scans, collected at Peking Union Medical College Hospital, Beijing, China. All
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Fig. 1. Overall architecture of the proposed model.

between 0 and 1. Then, the original feature map is multiplied by the
value that we obtain from the sigmoid.
Our model is a multi-class classification model, and class balance is
a key issue when training deep learning models. The dataset is naturally
imbalanced because of organs’ different sizes and appearances. More
specifically, the small intestine, bladder and bone marrow are much
larger, which means that they have more pixels than the rectum, spinal
cord and femoral head. To overcome the class imbalance issue, we use
the class weighted cross-entropy loss function. For prediction scores y

and training targets x, the weighted cross-entropy loss L is defined as
follows:
(1)

l (x, y) = L = mean({l1, l2 ,ln})
ln =

wn [yn logx n + (1

yn )log(1

x n)]

(2)

the loss L is the mean loss of n classes, and the loss of each class ln is the
product of the corresponding weight (wn ) and cross entropy loss, where
the weights are set to fix values according to the size of organs by experience.

Fig. 2. Context Aggregation Block used in the proposed model.
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Fig. 3. Squeeze-Extract Block used in the proposed
model.

2.3. Implementation details

3.2. Oncologist evaluation

We implemented our model using Python 3.6 and PyTorch 1.0 [58].
The dataset was split into three separate parts: the training set, the
validation set and the testing set. The training set contained 77 patients,
the validation set contained 14 patients and the testing set also contained 14 patients. We clamped the input image intensity to −1024 HU
and 2048 HU. Zero-mean normalization was used for preprocessing. We
used the Adam [59] optimization algorithm for the optimization with a
0.001 learning rate. The model was trained over 50 epochs and the best
model was selected, which is the one that had the lowest validation loss
score. The validation loss score of the selected model was 0.017 and the
corresponding training loss score was 0.012. The convolutional layers
are initialized using Xavier Uniform Initialization [60]. All these convolution layers were followed by a batch normalization layer [61] and a
ReLU layer [62]. We trained and tested our model using a GTX 1080
GPU.

An oncologist with more than 15 years of clinical experience evaluated the segmentation result of each slice and graded the results on
four levels: Acceptable, Minor Revision, Major Revision and Not
Acceptable. The test data contained 14 patients and 1253 slices. Fig. 5
shows some segmentation samples that are produced by the proposed
models. Table 2 shows the evaluation results. The values in the table are
the numbers of slices and the corresponding percentage. Note that
different OARs have different numbers of slices.
3.3. Processing time
OARs’ delineation is time-consuming work for oncologists.
Averagely, it takes more than 30 s to delineate the OARs on one slice by
an experienced oncologist, while our proposed method can process one
slice in 0.06 s when running on a GTX 1080 GPU.

3. Results

4. Discussion

3.1. Evaluation metrics

OARs delineation is a key step before radiotherapy planning. Precise
treatment delivery relies heavily on accurate OARs delineation. We
trained and evaluated a convolution neural network for OARs segmentation. To the best of our knowledge, this is the first study on
cervical cancer OARs segmentation.
The success of the mentioned models such as DeepLabv3+ and
PSPNet that have been applied to natural image datasets heavily relies
on the pre-trained backbone models and large amounts of labelled data.
However, the amount of medical datasets is significant less compared
with natural image datasets. It is shown that, for X-ray images and
retinal fundus photographs, transfer learning only offers limited performance benefits and that smaller models with significantly worse
ImageNet accuracy can perform equally well on medical tasks [65].
Therefore, we did not use any pre-trained model or transfer learning
methods and trained our model from scratch.
We use U-Net as the benchmark model and improve U-Net to get
more accurate result for OARs delineation. To capture the semantic
contextual information, we used the dilation convolution and large
kernels to aggregate contextual features in the Context Aggregation
Blocks, enabling the model to learn multiple-scale features and extract
structured relationship features effectively. In addition, to explore the
differences between all the target organs, we used the Squeeze-Extract

We used the Dice Similarity Coefficient (DSC) [63] and 95th percentile Hausdorff Distance (HD) [64] to evaluate our model. The DSC is
defined as follows:

DSC =

2 |X Y |
|X | + |Y |

(3)

where X = {x1,…, xn } and Y = {y1,…, yn } are two finite point sets. X is
the predicted mask, and Y is the ground truth. |X Y | represents the
intersection of X and Y and |X | + |Y | represents the union of X and Y.
The 95HD is defined as follows:

95HD(X, Y) = percentile(h(X, Y)

h(X,

x y ))
Y)=max(min(
x Xy Y

h(Y, X), 95th)

(4)
(5)

||.|| is the Euclidean norm of the points of A and B. When the 95HD
decreases, the overlap between X and Y increases. Both the DSC value
and 95HD value are calculated as the mean values by averaging all the
values obtained from each 2D slice. We used U-Net as the benchmark
model since it is the state-of-the-art model in many segmentation problems and our method is proposed based on U-Net architecture. The
results are summarized in Fig. 4 and Table 1.

Fig. 4. Boxplots. (a) DSC from U-Net, (b) 95HD from U-Net, (c) DSC from proposed model, (d) 95HD from proposed model. 1-bladder, 2-bone marrow, 3-femoral
head left, 4-femoral head right, 5-rectum, 6-small intestine and 7-spinal cord.
187
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Table 1
DSC and 95HD for U-net and our model.
U-Net

Proposed Model

Anatomy

DSC ± STD

95HD ± STD (mm)

DSC ± STD

95HD ± STD (mm)

Bladder
Bone Marrow
Femoral Head Left
Femoral Head Right
Rectum
Small Intestine
Spinal Cord

0.902
0.846
0.893
0.897
0.778
0.813
0.823

2.406
1.957
1.462
1.557
7.159
6.274
3.362

0.924
0.854
0.906
0.900
0.791
0.833
0.827

5.098
1.993
1.390
1.435
5.949
5.281
3.269

±
±
±
±
±
±
±

0.110
0.047
0.026
0.022
0.034
0.035
0.057

±
±
±
±
±
±
±

3.526
0.885
0.496
0.436
5.259
2.274
3.413

±
±
±
±
±
±
±

0.046
0.054
0.031
0.023
0.032
0.030
0.063

±
±
±
±
±
±
±

11.844
1.153
0.380
0.413
3.781
2.294
3.756

Bold values indicate better performance of the two results from U-net and our model.

Acceptable

Minor Revision

Major Revision

Not Acceptable

Fig. 5. Segmentation results for test cases shown in transverse CT slices. Red lines: ground truths; green lines: segmentation results; organs from 2nd row to 7th row:
bladder, bone marrow, femoral head, rectum, small intestine and spinal cord; oncologist evaluation result from 1st column to 4th column: Acceptable, Minor
Revision, Major Revision and Not Acceptable.
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Physica Medica 69 (2020) 184–191

Z. Liu, et al.

Table 2
Evaluation of the prediction results from our proposed model by experienced oncologists.
Anatomy

Acceptable

Minor Revision

Major Revision

Not Acceptable

Bladder
Bone Marrow
Femoral Head Left
Femoral Head Right
Rectum
Small Intestine
Spinal Cord
Mean Percentage

132 (58.15%)
285 (52.10%)
83 (68.03%)
80 (64.00%)
158 (49.84%)
203 (38.52%)
173 (58.84%)
55.64%

73 (32.16%)
213 (38.94%)
34 (27.87%)
44(35.20%)
101 (31.86%)
215 (40.80%)
106 (36.05%)
34.70%

17 (7.49%)
49 (8.96%)
5 (4.10%)
1 (0.80%)
49 (15.46%)
93 (17.65%)
14 (4.76%)
8.46%

5 (2.20%)
0 (0.00%)
0 (0.00%)
0 (0.00%)
9 (2.84%)
16(3.04%)
1(0.34%)
1.20%

block to reweight the importance of different channels, thus preserve
the organs with relatively small areas. Note that the proposed method
does not make the network deeper than the benchmark model, and this
makes the processing time almost the same as the benchmark model.
Men K et al. in their study [66] also used the dilation convolution, but
they designed a deeper network to improve the performance. Comparatively, our proposed model has fewer parameters, which makes it
faster. As Men K reported in their study, their best model could process
one patient’s CT scans, including 70 slices, in 15 s. Our proposed model
can process one slice in 0.06 s or 70 slices in 4.2 s, which is several
thousand times faster than manual delineation.
The mean DSC values of our proposed method are 0.924 for the
bladder, 0.854 for bone marrow, 0.906 for the femoral head left, 0.900
for the femoral head right, 0.791 for the rectum, 0.833 for the small
intestine and 0.827 for the spinal cord. The experimental results in

Fig. 4 and Table 1 demonstrate that our model outperforms the
benchmark model. Among all the OARs, bladder achieved the highest
DSC value, due to bladder’s relatively clear boundary and high contrast
between bladder and background. To further compare the accuracy
with prior-of-art methods, a comprehensive summary of pelvis organs
segmentation results is provided in Table 3. It is not a precise way to
compare the evaluation index values directly because many study factors influence the results, including single or multiple data sources,
image scanning machines and protocols, cancer types, OAR contouring
standards and so on. But the comparison summary still tends to demonstrates that the deep learning based methods outperform the traditional intensity-based, model-based and atlas-based methods. Deep
learning based auto-segmentation techniques have shown to provide
significant improvements over more traditional approaches suggesting
we have entered the fourth generation of auto-segmentation algorithm

Table 3
Summary of state-of-the-art results and results from this work for pelvis organs segmentation.
Method

Image Modality

Cases

Results

2D FCN

CT

60

2D U-Net

CT

85

2D + 3D U-Net

CT

136

Model-based + seeded region-growing

MR

24

Bladder
Colon
Intestine
Femoral head left
Femoral head right
Rectal CTV
Prostate
Bladder
Rectum
Prostate
Bladder
Rectum
Femoral head left
Femoral head right
Prostate
Bladder
Rectum
Bladder
Bowel
Femoral heads
Rectum
Spinal cord
Prostate
Bladder
Rectum
Hips
Bladder
Uterus
Rectum
Bladder
Bone marrow
Rectum
Small intestine
Spinal cord
Femoral head left
Femoral head right

Model-based or atlas-based or classic machine learning based or hybrid

Atlas-based

CT

26

B-spline registration

CT

10

Our method

CT

105

DSC, dice similarity coefficient; HD, Hausdorff distance (in mm); VO, volume overlap (|X
189

Y |/|X

Y |).

DSC = 0.93
DSC = 0.62
DSC = 0.65
DSC = 0.92
DSC = 0.92
DSC = 0.88
DSC = 0.88
DSC = 0.95
DSC = 0.92
DSC = 0.90
DSC = 0.95
DSC = 0.84
DSC = 0.96
DSC = 0.95
VO = 0.78
VO = 0.88
VO = 0.78
DSC = [0.72, 0.93]
DSC = [0.83, 0.88]
DSC = [0.92, 0.94]
DSC = [0.75, 0.77], 0.84 ± 0.08
DSC = [0.69, 0.81]
DSC = 0.62
DSC = 0.80
DSC = 0.66
DSC = 0.69
DSC > 0.8, HD≈2
DSC > 0.8, HD≈2
DSC > 0.8, HD≈2
DSC = 0.92, HD = 5.18
DSC = 0.85, HD = 1.99
DSC = 0.79, HD = 5.95
DSC = 0.83, HD = 5.28
DSC = 0.83, HD = 3.27
DSC = 0.91, HD = 1.39
DSC = 0.90, HD = 1.44

[42]

[45]
[46]

[67]
[27]

[26]

[68]
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development in radiotherapy [16]. Our proposed method has comparable performance as other deep learning methods in bladder, femoral
head left and femoral head right, superior performance in intestine, but
inferior performance in rectum. After investigation, we found 2 special
data in our test dataset, gauzes were plugged in the cervix, thus leaded
to large rectum segmentation error. The mean DSC value increased to
0.85 if we removed these two data from the test dataset. The DSC values
from [46] seems higher than other CNN based models due to the usage
of 3D U-Net. Theoretically, a 3D U-Net based model has better ability to
extract 3D structured features. It’s predictable that we would further
improve our model performance if we extend our model to 3D in future
studies. On the other hand, we used 2D DSC value to evaluate the algorithm slice by slice, which is lower than 3D DSC value that considers
all slices together as a whole volume, as oncologists also evaluate the
contours in 2D.
An oncologist evaluated the model and reached the conclusion that
the predicted results from our proposed model were highly acceptable.
As mentioned in Table 2, 55.64% of the segmentations in the test set are
acceptable without any revision and 34.70% need minor revisions.
Moreover, the model is deterministic, which means that it can provide
consistent segmentation results and avoid the inter-observer and intraobserver variabilities of manual OARs delineation.
Although the oncologist’s evaluation result demonstrates that more
than 90% segmentation results are highly acceptable to be used in radiation therapy planning. There are still 9.66% segmentation results
need major revisions or are unacceptable. As shown in Table 2, most of
the poorly performed organs are small intestine and rectum. We analysed the ground truth masks of these two organs and found they had
massive diversity of sizes, shapes and locations for different patients
and even for different CT scans from a same patient. As radiotherapy
instructions, the rectum and colon must be completely empty before CT
scanning. Also the CT scanning time should be precise enough to acquire the images with contrast enhanced properly. However, it is hard
to control the rectum and small intestine conditions in real world.
Furthermore, some part of the rectum and most part of the small intestine, have very unclear boundaries that even an experienced radiotherapy oncologist have to delineate the boundary by experience instead of by the images. While different oncologists may have different
preference when delineating a same small intestine’s contour. Comparatively, organs with bone structure were much more consistent such
as femoral heads and bone marrow, thus our proposed model can
achieve better performance. Consequently, less segmentation results of
small intestine or rectum were scored as acceptable.
OARs have various sizes, shapes, and locations and some of them
may have several isolated regions and unclear boundaries, which makes
it a challenging segmentation task. Even though we achieved promising
results for the test set, it is still necessary to collect more data from more
different data sources. The data that we used in this study were from
only one hospital, which means that the model may not apply to data
that are scanned in different situations. A larger dataset and more data
sources can make the model more robust and have a better generalization capability.
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