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a b s t r a c t 

Accurate segmentation of the prostate and organs at risk (e.g., bladder and rectum) in CT images is a 

crucial step for radiation therapy in the treatment of prostate cancer. However, it is a very challenging 

task due to unclear boundaries, large intra- and inter-patient shape variability, and uncertain existence of 

bowel gases and fiducial markers. In this paper, we propose a novel automatic segmentation framework 

using fully convolutional networks with boundary sensitive representation to address this challenging 

problem. Our novel segmentation framework contains three modules. First, an organ localization model 

is designed to focus on the candidate segmentation region of each organ for better performance. Then, 

a boundary sensitive representation model based on multi-task learning is proposed to represent the se- 

mantic boundary information in a more robust and accurate manner. Finally, a multi-label cross-entropy 

loss function combining boundary sensitive representation is introduced to train a fully convolutional 

network for the organ segmentation. The proposed method is evaluated on a large and diverse planning 

CT dataset with 313 images from 313 prostate cancer patients. Experimental results show that the perfor- 

mance of our proposed method outperforms the baseline fully convolutional networks, as well as other 

state-of-the-art methods in CT male pelvic organ segmentation. 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

Prostate cancer is the second most common cancer and one of

the leading causes of cancer death in American men. The Amer-

ican Cancer Society estimates that there will be about 164,690

new cases of prostate cancer and 29,430 deaths from prostate can-

cer in the United States in 2018. 2 Nowadays, external beam ra-

diation therapy (EBRT) is one of the most commonly used and

effective treatments for prostate cancer. During a standard pro-

tocol for EBRT planning, the prostate volume and the neighbor-

ing organs at risk, such as the bladder and rectum, are man-

ually delineated in the planning CT images for killing cancer

cells while preserving normal cells. However, manual annotation

is a highly time-consuming and laborious task, even for expe-

rienced radiation oncologists. Moreover, manual annotation often
∗ Corresponding author at: Department of Radiology and BRIC, University of 

North Carolina at Chapel Hill, NC 27599, USA. 

E-mail address: dgshen@med.unc.edu (D. Shen). 
1 Co-first authors. 
2 https://www.cancer.org/cancer/prostate-cancer/about/key-statistics.html/ . 

p

(  

t  

p  

t  

c

https://doi.org/10.1016/j.media.2019.03.003 

1361-8415/© 2019 Elsevier B.V. All rights reserved. 
uffers large intra- and inter-observer variability which then af-

ects treatment planning. Hence, in order to minimize the work-

oad of oncologists and improve the accuracy of the annota-

ion process, an automatic and reliable method of segmenting

ale pelvic organs in CT images is highly desired in clinical

ettings. 

Accurate automatic segmentation of male pelvic organs (i.e.

rostate, bladder, and rectum) in CT images, however, is a very

hallenging task for the following reasons. First, due to the low

ontrast of CT images, the boundaries between male pelvic organs

nd surrounding structures are usually unclear, especially when

wo nearby organs are adjacent to each other. As shown in Fig. 1 ,

he boundaries are hard to distinguish even after careful contrast

djustment. Second, as they are soft tissues, the shapes of these

rgans have high variability and can change significantly across

atients, as observed in the slices of three patients in Fig. 1 (a)–

c). Third, the existence of bowel gases makes the appearance of

he rectum uncertain (as shown in Fig. 1 (b) and (c)). Finally, the

resence of fiducial markers used to guide dose delivery brings in-

erference to the image intensity of the surrounding organs and

auses information loss, as shown in Fig. 1 (d). 

https://doi.org/10.1016/j.media.2019.03.003
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.03.003&domain=pdf
mailto:dgshen@med.unc.edu
https://www.cancer.org/cancer/prostate-cancer/about/key-statistics.html/
https://doi.org/10.1016/j.media.2019.03.003
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Fig. 1. Typical CT images and their pelvic organ segmentations. The four columns indicate images from four patients. The first row shows the original CT slices and the 

second row shows the same corresponding slices overlaid with their respective segmentations. Yellow circles in (b) and (c) indicate different amounts of bowel gas in the 

rectum, while yellow circles in (d) indicate two fiducial markers in the prostate. Red denotes the prostate, green denotes the bladder, and blue denotes the rectum. The first 

three columns are shown in the sagittal view and the last column is shown in the axial view. (For interpretation of the references to color in this figure legend, the reader 

is referred to the web version of this article.) 
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To address the aforementioned challenges, many computer-

ided pelvic organ segmentation methods have been proposed

ver the past few years, such as Zhan and Shen (2003) ;

uang et al. (2006) ; Haas et al. (2008) ; Feng et al. (2010) ;

hen et al. (2011) ; Liao et al. (2013) ; Gao et al. (2016) ;

costa et al. (2017) . Theoretically, these methods mainly involve

wo key technologies: (1) feature extraction , in which some hand-

rafted features based on expert knowledge, such as Gabor filters

 Zhan and Shen, 2003 ), intensity histograms ( Chen et al., 2011 ),

nd Haar features ( Gao et al., 2016 ) are extracted for CT image

nalysis; and (2) model design , in which the state-of-the-art meth-

ds adopt various models based on different prior information,

uch as boundary regression model ( Huang et al., 2006 ) and pixel-

ise classification model ( Liao et al., 2013 ). Recently, convolutional

etworks ( Simonyan and Zisserman, 2014 ) which can achieve fea-

ure learning and model training in an end-to-end framework, have

een great success in semantic segmentation. Further, after the

roposal of fully convolutional networks ( Long et al., 2015 ), im-

ges with arbitrary sizes can now be segmented with more ef-

cient inference and learning. For medical image segmentation,

ne of the most successful fully convolutional networks is U-net

 Ronneberger et al., 2015 ), which is designed with a U-shaped

rchitecture and has won many segmentation competitions, such

s the ISBI challenges for segmentation of neuronal structures in

lectron microscopic stacks ( Arganda-Carreras et al., 2015 ) and for

omputer-automated detection of caries in bitewing radiography

 Wang et al., 2016 ). 

However, the direct use of these fully convolutional networks to

egment the male pelvic organs in CT images cannot achieve good

esults for the following reasons. First, these networks have no

ffective mechanism to address the challenges of unclear bound-

ries and large shape variations in CT male pelvic organ segmen-

ation. Second, these networks aim to label each voxel that be-

ongs to a target organ, and thus do not make full use of the

eaningful boundary information. Finally, the CT images scanned

rom the whole pelvic area introduce complex backgrounds for

ach organ segmentation and make these networks hard to

ptimize. 

To this end, we propose an automatic segmentation framework

sing fully convolutional networks with boundary sensitive rep-

esentation to accomplish the challenging CT male pelvic organ

egmentation. Specifically, an organ localization model is first de-

igned to extract proposals which can fully cover organs and con-

ain less background compared to original images. Then, a bound-

ry sensitive representation involving both low-level spatial cue

b

nd high-level semantic cue is used to assign soft labels to vox-

ls near the boundary. Finally, a fully convolutional network under

 multi-label cross-entropy loss function is trained to reinforce the

etwork with semantic boundary information. 

In summary, our main contributions are listed below: 

• To make better use of boundary information to guide segmen-

tation, we propose a novel boundary representation model de-

duced from a multi-task learning framework, which assigns soft

labels to voxels near the boundary based on both low-level spa-

tial cue and high-level semantic cue, and then produces a more

robust and accurate representation of the boundary informa-

tion. 
• To address the challenges of unclear boundaries and large shape

variations, we design a multi-label cross-entropy loss function

to train the segmentation network, where each voxel can not

only contribute to the foreground and background, but also

adaptively contribute to the boundary with different probabili-

ties. 
• To reduce the complexity of optimization, we introduce a lo-

calization model to focus on the candidate segmentation region

of each organ, which can contribute significantly to even better

performance. 
• We perform comprehensive experiments on a challenging

dataset with 313 planning CT images from 313 prostate cancer

patients to demonstrate the effectiveness of our method. The

experimental results show that our method can significantly

improve performance compared to the baseline fully convo-

lutional networks and also outperforms other state-of-the-art

segmentation methods. 

. Related works 

The proposed algorithm is a deep learning-based method for

egmenting male pelvic organs in CT images. Therefore, in this sec-

ion, we will review the literature related to CT male pelvic organ

egmentation and deep learning for medical image segmentation. 

.1. CT Male pelvic organ segmentation 

The segmentation of male pelvic organs in CT images has been

nvestigated for a long time and the existing methods can be

oughly categorized into three classes: registration-based meth-

ds, deformable-model-based methods, and machine-learning- 

ased methods. 
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The registration-based methods ( Davis et al., 2005; Lu et al.,

2011; Chen et al., 2009 ) first optimize a series of transformation

matrices from the current treatment image to the planning and

previous treatment images, and then their respective segmentation

images are transformed to the current treatment image and further

combined to obtain the final segmentation result for the current

treatment image. Davis et al. (2005) combined large deformation

image registration with a bowel gas segmentation and deflation

algorithm to locate the prostate. Lu et al. (2011) formulated the

segmentation and registration steps using a Bayesian framework

and further constrained them together using an iterative condi-

tional model strategy to segment the prostate, rectum, and bladder.

Chen et al. (2009) adopted meshless point sets modeling and 3D

non-rigid registration to align the planning image to the treatment

image. Even though the registration-based methods have achieved

attractive performance, their segmentation accuracy demonstrates

less robustness in the case of inconsistent appearance changes due

to reasons such as different amounts of urine in the bladder or

bowel gas in the rectum. 

The deformable-model-based methods ( Costa et al., 2007;

Yokota et al., 2009; Chen et al., 2011 ) also depend on the planning

and previous treatment images. They first initialize a deformable

model using the learned organ shapes from planning and previous

treatment images and then optimize the deformable model based

on the image-specific knowledge. Costa et al. (2007) designed a

coupled 3D deformable model for the joint segmentation of the

prostate and bladder. Yokota et al. (2009) developed a hierarchical

multi-object statistical shape model to represent the diseased hip

joint structure and applied it to segment the femur and pelvis from

3D CT images. Chen et al. (2011) incorporated anatomical con-

straints from surrounding bones and a learned appearance model

to segment the prostate and rectum. The deformable-model-based

methods are strongly limited by the deformable model initializa-

tion, so the final segmentation result is sensitive to large organ

motions and shape variations. 

The machine-learning-based methods ( Lu et al., 2012; Zhen

et al., 2016; Gao et al., 2016; Ma et al., 2017 ) have recently

attracted much interest. They usually formulate the segmenta-

tion problem as a standard classification or regression problem,

where classifiers or regressors trained from training images are

used to predict the likelihood map and then obtain the seg-

mentation result. Lu et al. (2012) incorporated information the-

ory into the learning-based approach for pelvic organ segmen-

tation. Ma et al. (2017) trained a population model based on

the data from a group of patients and a patient-specific model

based on the data of the individual patient for prostate segmen-

tation. Instead of learning a single segmentation task, some ap-

proaches adopt multi-task learning to improve the performance

by exploiting commonalities and differences across tasks. For ex-

ample, Zhen et al. (2016) modeled the estimation of each coordi-

nate of the points on shape contours as a regression task and then

jointly learned coordinate correlations to capture holistic shape in-

formation. Gao et al. (2016) proposed a multi-task random forest to

learn the displacement regressor jointly with the organ classifier to

segment CT male pelvic organs. The machine-learning-based meth-

ods are more flexible and efficient than the registration-based and

deformable-model-based methods since they do not require prior

information. However, the performance of these methods is always

compromised by the limited expressive power of the hand-crafted

features, especially for the very challenging segmentation of male

pelvic organs in CT images. 

2.2. Deep learning for medical image segmentation 

Instead of extracting features manually, deep learning incor-

porates feature engineering into a learning step and automati-
ally learns effective feature hierarchies from a set of data. Deep

earning has been widely used for medical image segmentation

 Lai, 2015 ), with respective reviews given in Shen et al. (2017) and

itjens et al. (2017) . Carneiro et al. (2012) decoupled the rigid

nd nonrigid classifiers based on deep belief networks for au-

omatic left ventricle segmentation. Xu et al. (2014) used deep

earning for the automatic extraction of feature representation

o accomplish classification and segmentation tasks in medi-

al image analysis and the experimental results showed that

he automatic feature learning outperforms manual identification.

avaei et al. (2017) presented a convolutional neural network ar-

hitecture by exploiting both local features as well as global con-

extual features for brain tumor segmentation. In order to incorpo-

ate low-level and high-level features, a special fully convolutional

etwork, namely U-net ( Ronneberger et al., 2015 ), was proposed

nd has been successfully applied to many different medical seg-

entation tasks. 

Deep learning is also driving advances for male pelvic organ

egmentation in CT images. For example, Men et al. (2017) pro-

osed a multi-scale convolutional architecture based on the

eep dilated convolutional neural network to segment the blad-

er. Gordon et al. (2017) combined deep learning and level-

ets for the segmentation of the inner and outer bladder wall.

hi et al. (2017) constructed an easy-to-hard transfer sequence

or CT prostate segmentation by leveraging the manual annotation

s guidance. Although these works showed some effectiveness in

ale pelvic organ segmentation, they were designed for segment-

ng a specific pelvic organ which cannot guarantee their effective-

ess for segmenting other pelvic organs. Moreover, the network ar-

hitectures adopted in these works did not take into account the

hallenging characteristics of CT pelvic organ segmentation, thus

arming their performance. 

. Method 

In this section, we will give a detailed description of the pro-

osed framework for the segmentation of the prostate, bladder,

nd rectum in CT images. The whole architecture of the proposed

ramework is shown in Fig. 2 , which mainly consists of three mod-

les: organ localization used to focus on the candidate segmen-

ation region for each organ for better performance (as shown in

ig. 2 (a)); boundary sensitive representation aimed at represent-

ng the semantic boundary information with robust and accurate

oft labels (as shown in Fig. 2 (b)); multi-label segmentation in-

roducing a multi-label cross-entropy loss function to reinforce the

etwork with semantic boundary information for segmentation (as

hown in Fig. 2 (c)). Specifically, boundary sensitive representation

nd multi-label segmentation are performed on the organ propos-

ls extracted based on organ localization, instead of the original

mages. Moreover, we adopt a U-net ( Ronneberger et al., 2015 ) like

rchitecture as the backbone due to its excellent performance in

edical image segmentation. 

.1. Organ localization 

In segmenting each organ separately, the original CT image

canned from the whole pelvic area covers a large background rel-

tive to the small organ. This irrelevant background information

ot only increases the complexity of the feature space optimization,

ut also greatly reduces computational efficiency. Therefore, before

ne segmentation of each organ, an organ localization model is

rst trained to extract a more accurate region of each organ from

he original image. Here, in order to save training cost, the organ

ocalization model is designed to perform multiple organ segmen-

ations jointly rather than segment each organ separately. Besides

he three target organs (prostate, bladder, and rectum), the right
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Fig. 2. An illustration of the proposed framework for prostate, bladder, and rectum segmentations in CT images (with the prostate segmentation as an example). (a) Organ 

proposals of raw CT images are first generated by an organ localization network to focus on the candidate regions. (b) Then, a boundary sensitive representation network 

with multi-task learning is trained to generate soft boundary labels of the corresponding organ proposals. (c) Finally, a multi-task network that uses soft labels and hard 

labels as supervision is learned to perform voxel-wise segmentation in organ proposals. 
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B  
nd left femoral heads are also jointly segmented due to their

aliency and stability that can help to locate the target organs. As

hown in Fig. 2 (a), a U-net ( Ronneberger et al., 2015 ) like architec-

ure is adopted for this multi-class (background, prostate, bladder,

ectum, right and left femoral heads) segmentation problem. Over-

apping patches across three sequential slices in the axial plane

re used as input and the middle slices of the corresponding la-

el patches are used as the expected prediction. For the segmenta-

ion of unseen images, we sample patches with a large stride and

verage the results as the final prediction for the whole images. 

Based on the segmentation results, the centroid of each organ

an be determined and then by taking the centroid as the center

f a cube, the organ proposal can be extracted from the original

mage. In our implementation, the cropped proposal sizes for the

rostate, bladder, and rectum are 128 × 128 × 128, 160 × 160 × 128,

nd 128 × 128 × 160 respectively. While the average sizes (with

tandard deviation) of the prostate, bladder, and rectum in our

ataset are 56 × 49 × 47 (9 × 9 × 8), 76 × 88 × 57 (12 × 15 × 17), and

9 × 64 × 90 (11 × 11 × 14) in voxels, with the voxel resolution of

 mm × 1 mm × 1 mm. The cropped sizes are large enough

o cover each organ and contain sufficient background context in-

ormation for segmentation. The remaining operations are all per-

ormed on the organ proposals, instead of the original images. 

.2. Boundary sensitive representation with soft label 

Theoretically, organ boundaries indicate the transition from the

oreground to background or vice versa and can then be used to

ddress the segmentation problem. Some methods under the guid-
nce of boundary information have been proposed for medical im-

ge segmentation, such as Shao et al. (2015) ; He et al. (2017) ;

ang et al. (2018) . However, they all rely on spatial distances

o represent the boundary information while neglecting the se-

antic differences, leading to the inaccurate representation of

rgan information. For example, it is unreasonable to equally

reat one easy voxel (correctly and confidently segmented) and

ne hard voxel with the same distance to the boundary. There-

ore, in order to avoid introducing semantic gap and also maxi-

ize guidance ability, we focus on hard voxels near the bound-

ry to represent the boundary information. Because these vox-

ls are close to the boundary and have lower semantic discrim-

nability, we call them boundary sensitive voxels . To achieve robust

nd accurate representation, we assign a soft label to each voxel

ased on those detected boundary sensitive voxels by a multi-task

ramework as follows. 

First, two different types of morphological masks, i.e., eroded

nd dilated masks, are generated by applying morphological ero-

ion and dilation operations on the ground truth segmentation.

ext, a multi-task fully convolutional network as shown in Fig. 2 (b)

s trained under supervision of the generated eroded and dilated

asks. If voxels are the hard samples near the boundary, they

end to be induced by the morphological masks rather than the

round truth segmentation, namely, correct segmentation in terms

f the morphological masks and incorrect segmentation in terms

f the ground truth segmentation. Then, the boundary sensitive

oxels are detected based on the differences between the ground

ruth segmentation and the predicted eroded and dilated masks.

ased on this, we finally assign each voxel a soft label as follows,
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Fig. 3. An illustration of the soft label generation (prostate is used as an example). (a) represents the original image; (b) shows the differential voxels (yellow) between the 

ground truth segmentation and corresponding morphological masks on both sides of the contour (red); (c) shows the mined boundary sensitive voxels (yellow), which are 

different from the differential voxels in (b); (d) shows the generated soft label map. (For interpretation of the references to color in this figure legend, the reader is referred 

to the web version of this article.) 
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to represent the boundary information. 

l(v i ) = 

⎧ ⎨ 

⎩ 

max 

(
s (v i , C) − min s (v k , C) 

1 − min s (v k , C) 
, ε

)
, i, k ∈ B 

0 , otherwise, 

(1)

where 

s (v i , C) = exp 

⎛ 

⎝ −
min ∀ C j ∈ C 

|| v i − C j || 2 
δ2 

⎞ 

⎠ , (2)

v i denotes the i th voxel, C j denotes the j th voxel on the contour C,

B is the union set of boundary sensitive voxels and contour vox-

els, ε is a small value to prevent the soft labels of boundary sensi-

tive voxels from being zero, and δ is a predefined parameter ( δ = 3

here). 

An illustration of the soft label generation is shown in Fig. 3 .

Using this method to generate soft labels, we can see that the hard

voxels near the boundary contribute to the boundary in a weighted

manner based on how close they are to the contour, while easy

voxels are less focused. Therefore, the boundary can be represented

in a more accurate and robust way without leading to semantic

confusion. 

3.3. Multi-label segmentation for male pelvic organs 

By incorporating low-level and high-level features, the conven-

tional U-net ( Ronneberger et al., 2015 ) can be trained from few

images and produces pixel-wise segmentation results. However, for

CT pelvic organ segmentation, it cannot deal with the region near

the boundary very well due to unclear boundaries and large shape

variations. Therefore, we introduce the generated soft labels into

the segmentation process to train a more powerful network. To

this end, each voxel is labeled with multi labels, i.e., one hard label

indicating whether or not the voxel belongs to the foreground, and

one soft label indicating the sensitive probability to the boundary.

Based on this, we introduce a multi-label cross-entropy loss func-

tion to optimize the segmentation network: 

Loss = − 1 

N 

N ∑ 

i =1 

(
f (v i ) log ̂  f (v i ) + ( 1 − f (v i ) ) log 

(
1 − ˆ f (v i ) 

))

− λ

N 

N ∑ 

i =1 

(
l(v i ) log ̂ l (v i ) + ( 1 − l(v i ) ) log 

(
1 − ˆ l (v i ) 

))
, (3)

where f ( v i ) ∈ {0, 1} denotes whether v i belongs to the foreground

class, l ( v i ) ∈ [0, 1] is the generated soft label, ˆ f (v i ) and 

ˆ l (v i ) are the

softmax output class probabilities corresponding to the hard label

and soft label, respectively, and λ is a balance parameter ( λ = 1

here). For new unseen images, only the predicted likelihood map

of hard labels is used to perform the final segmentation. 

We process different organs with separately trained models, so

one voxel may be segmented as different or gans. To deal with this
 v
verlapping segmentation, we adopt a max function to determine

he final labels of voxels if predicted as different organs using dif-

erent models: 

ˆ 
 (v i ) = arg max 

c 
ˆ f (v i , c) , (4)

here ˆ g (v i ) is the final predicted label of the voxel v i , and 

ˆ f (v i , c)
s the predicted organ probability using the segmentation network

or organ c . 

.4. Basic network architecture 

For all three models mentioned above, we implement a slightly

odified version of the U-net ( Ronneberger et al., 2015 ) architec-

ure. Our implementation differs from U-net ( Ronneberger et al.,

015 ) by setting the number of feature channels at the first convo-

utional layer to 32, instead of 64, and using Batch Normalization

BN) after each convolutional layer except the last 1 × 1 convolu-

ional layer. Moreover, we do not include cropping due to the use

f zero-padding. 

. Experiments and results 

.1. Dataset and preprocessing 

We verify the performance of the proposed method on 313

lanning CT images acquired from 313 prostate cancer patients.

hese images were collected from the North Carolina Cancer Hos-

ital but were scanned using various types of CT equipment, caus-

ng the original in-plane resolution of these images to range from

.932 to 1.365 mm and the inter-slice thickness to range from 1 to

 mm. To deal with this, we resample all the images to the same

esolution of 1 mm × 1 mm × 1 mm. While the average size of

riginal images is 512 × 512 × 203, the average image size after re-

ampling becomes 583 × 583 × 354. Two senior oncologists were

nvited to delineate the five pelvic organs (prostate, bladder, rec-

um, and two femoral heads), and the averaged results after their

ooperative correction are used as the ground truth. 

The fiducial markers and bone tissues cause the image inten-

ity values to be in a large range that is far beyond the scope of

he target segmentation organs. Therefore, we adopt a truncation

unction to reserve the intensity values from 500 to 1500 and then

ormalize the values into [0, 1]. Before inputting to the network,

e subtract the mean value computed on the whole training set

rom each voxel. We perform five-fold cross-validation to conduct

 fair comparison with the state-of-the-art methods. Specifically,

he whole dataset is first randomly shuffled and then split into five

olds. In each round, four folds are used for training and validation

with a ratio of 7:1) and the remaining fold is used for testing. Five

epeated rounds are performed until each of the five folds is tra-

ersed as the testing set. 
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.2. Implementation details 

The proposed model is based on the open-source deep learn-

ng framework Caffe ( Jia et al., 2014 ) for implementation and Nes-

erov’s Accelerated Gradient method (NAG) for optimization. The

atch size is set to 20, and momentum to 0.9. The learning rate is

nitially set to 10 −3 and then decreased using an inv policy with

amma of 0.0 0 01 and power of 0.5. 3 The weights of all layers are

nitialized with Xavier initialization. At the training phase, we ran-

omly crop patches from the whole image to train the organ lo-

alization network and use the cropped organ proposals to train

he multi-task and multi-label segmentation networks. The corre-

ponding patch sizes are 96 × 96 × 3 and 64 × 64 × 3, respectively.

t the testing phase, we divide the image and organ proposal into

verlapping patches with stride sizes of (24, 24, 1) and (16, 16, 1),

espectively. 

.3. Evaluation criteria 

To evaluate the segmentation performance of different methods,

e adopt the following commonly used metrics in medical image

egmentation ( Guo et al., 2016; Taha and Hanbury, 2015 ) as evalu-

tion criteria: 

• Dice Similarity Coefficient (DSC): 

DSC = 

2 || V gt ∩ V seg || 
|| V gt || + || V seg || (5) 

• Positive Predictive Value (PPV): 

PPV = 

|| V gt ∩ V seg || 
|| V seg || (6) 

• Sensitivity (SEN): 

SEN = 

|| V gt ∩ V seg || 
|| V gt || (7) 

• Average Symmetric Surface Distance (ASD): 

ASD = 

(∑ 

p∈ S seg 
d ( p, S gt ) + 

∑ 

p ′ ∈ S gt 
d 
(

p 
′ 
, S seg 

))
|| S gt || + || S seg || (8) 

here V gt and V seg denote the voxel sets of manually labeled

round truth and automatically segmented organs respectively, and

 gt and S seg are the corresponding surface voxel sets of V gt and V seg ,

 ( p, S gt ) is the minimum Euclidean distance of voxel p ∈ S seg to all

oxels in S gt . For DSC, PPV, and SEN, the larger the value, the bet-

er the performance, while for ASD, the smaller the value the bet-

er performance. If not specifically noted, the reported results are

ll based on the cropped organ proposals, instead of the original

mages. 

In addition, we define two other metrics to evaluate the effec-

iveness of organ localization, namely the average ratio (AvgR) and

he target-to-target ratio (TTR) as defined below: 

vgR = 

∑ 

x ∈ X 
∑ 

i ∈ x 1 x (i ) ∑ 

y ∈ Y 
∑ 

j∈ y 1 y ( j) 
(9) 

nd 

TR = 

∑ 

x ∈ X 
∑ 

i ∈ x 1 g i � =0 (i ) ∑ 

y ∈ Y 
∑ 

j∈ y 1 g j � =0 ( j) 
, (10) 

here X and Y denote the set of the cropped organ proposals and

he original images, respectively, g i is the ground truth label of

he i -th voxel, and 1 A (. ) is the indicator function. A smaller AvgR

eans more useless background voxels are dropped and TTR = 1

eans that all organ voxels are covered in the organ proposals,

ompared with the original whole images. 
3 The inv policy updates the learning rate as multiplication of initial learning rate 

nd (1 + gamma ∗ iter) −power . 

c  

n  

t  

l

.4. Impact of morphological kernel size 

To effectively capture boundary information in pelvic organ seg-

entation, we define soft labels under the guidance of erosion and

ilation masks obtained by applying morphological erosion and di-

ation operations on the ground truth and introduce them into the

egmentation task. Specifically, the kernel size K for the generation

f morphological masks is a key parameter that affects the effi-

iency of soft labels. Intuitively, a larger size K causes more voxels

round the boundary to be assigned as non-zero values which may

over more redundant information, while a smaller size K causes

ewer voxels around the boundary to be assigned as non-zero val-

es which may maintain less information for accurate boundary

epresentation. Therefore, in order to investigate the optimal K for

etter performance, we use different K to generate the correspond-

ng erosion and dilation masks, respectively, and then we train a

orresponding multi-label prostate segmentation network based on

ach choice of K . The dataset used here is the extracted prostate

roposals and split in the way mentioned in Section 4.1 . Fig. 4

hows the boxplot of DSC values of five-fold cross-validation of

he prostate segmentation with respect to different K values on

he testing dataset. We can observe that the optimal K for prostate

egmentation is 7, and both smaller values with insufficient infor-

ation and larger values with more interference lead to inferior

erformance. Therefore, in our implementation, we set K = 7 . 

.5. Impact of parameters δ and λ

There are two other parameters that impact the segmentation

erformance, namely, δ in Eq. 2 and λ in Eq. 3 . To evaluate the

ensitivity of segmentation performance to them, we change δ
nd λ separately and report the segmentation performance for the

rostate based on DSC values in Fig. 5 . From Fig. 5 (a), we can see

hat the smaller or larger δ values will lead to too big or too small

ifferences in soft labels of adjacent voxels, which cannot form

n optimal representation of boundary information. When λ = 0 ,

ur multi-label segmentation model degenerates into the conven-

ional U-net. When the value of λ gradually increases from 0 to 1,

he performance of the model is improving as shown in Fig. 5 (b).

owever, if the value of λ continues to increase, the performance

ill drop even worse than the conventional U-net ( λ = 2 ). This

s mainly because the boundary information dominates the seg-

entation which is not as robust as the whole organ information.

herefore, we set δ = 3 and λ = 1 in our implementation. 

.6. Comparison with fully convolutional networks 

We achieve the segmentation of three pelvic organs (prostate,

ladder, and rectum) in organ proposals based on the proposed

ulti-label segmentation network. In order to verify its effective-

ess, we adopt several of the most successful fully convolutional

etworks using the same organ proposal data for the segmen-

ation of three organs. The first one is FCNs ( Long et al., 2015 ),

hich is the first work to train convolutional networks in an end-

o-end way for pixel-wise prediction and has shown outstanding

erformance in many fields. For comparison, we use the FCN-8s

 Long et al., 2015 ) model trained on the PASCAL VOC 2012 dataset

 Everingham et al., 2012 ) to finetune to the 313 CT image dataset.

he second one is U-net ( Ronneberger et al., 2015 ), which is the

inner of many segmentation challenges and also the basic archi-

ecture of our model. We adopt the same configuration as ours for

omparison. The last one is modified from the dilated convolution

etwork ( Yu and Koltun, 2016 ), in which we replace the convolu-

ional layers in the contracting path of U-net with dilated convo-

utions and call this architecture “Dilated U-net”. 
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Fig. 4. Boxplot of DSC values of five-fold cross-validation of the prostate segmentation with respect to different morphological kernel size ( K ). 

Fig. 5. Boxplot of DSC values of our proposed method for the segmentation of prostate with respect to different values of δ (a) and λ (b). 
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Table 1 makes a quantitative comparison of mean DSC and

ASD with standard deviation of FCN-8s ( Long et al., 2015 ), U-

net ( Ronneberger et al., 2015 ), Dilated U-net, and our multi-label

segmentation network. Moreover, we perform paired t -test be-

tween the results of each comparison method and our method to

get the corresponding p values. It can be seen that our method
chieves the best performance for segmenting the prostate, blad-

er, and rectum and outperforms other state-of-the-art meth-

ds with statistical significance. The segmentation performance

f FCN-8s ( Long et al., 2015 ) shows that the conventional very

eep fully convolutional network can obtain acceptable but un-

emarkable results for this challenging segmentation task. U-net
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Table 1 

Quantitative comparison of the segmentation results of three male pelvic organs by 

different networks. (The best results are indicated in bold, with asterisks implying 

statistical significance ( p < 0.05)). 

Metric FCN-8s U-net Dilated U-net Ours 

Prostate DSC 0.83 ± 0.08 0.85 ± 0.07 0.86 ± 0.05 0.89 ± 0.03 

p value 4.3E −8 ∗ 1.1E −5 ∗ 1.8E −6 ∗ N/A 

ASD 2.12 ± 1.02 2.01 ± 1.14 1.78 ± 0.81 1.32 ± 0.76 

p value 4.3E −10 ∗ 2.9E −10 ∗ 4.6E −8 ∗ N/A 

Bladder DSC 0.89 ± 0.13 0.91 ± 0.04 0.91 ± 0.06 0.94 ± 0.03 

p value 2.0E −4 ∗ 1.9E −3 ∗ 2.4E −4 ∗ N/A 

ASD 2.12 ± 2.41 4.30 ± 2.07 1.53 ± 1.25 1.15 ± 0.65 

p value 7.0E −11 ∗ 2.8E −13 ∗ 1.6E −8 ∗ N/A 

Rectum DSC 0.84 ± 0.06 0.86 ± 0.05 0.87 ± 0.06 0.89 ± 0.04 

p value 1.4E −5 ∗ 9.8E −5 ∗ 1.6E −4 ∗ N/A 

ASD 2.02 ± 0.94 2.14 ± 1.86 1.71 ± 1.45 1.53 ± 0.91 

p value 7.2E −4 ∗ 3.9E −5 ∗ 2.6E −4 ∗ N/A 
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Table 2 

DSC values of U-net using original whole images and organ proposals, respectively, 

and also AvgR and TTR values after organ localization, for the three male pelvic 

organs. 

Prostate Bladder Rectum 

DSC Image 0.73 ± 0.10 0.84 ± 0.08 0.72 ± 0.13 

Proposal 0.85 ± 0.07 0.91 ± 0.04 0.86 ± 0.05 

AvgR 1.65% 2.58% 2.06% 

TTR 1.0 1.0 1.0 
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Table 3 

Verification of the effectiveness of our boundary sensitive representation model 

based on DSC and ASD (mm). (The best results are indicated in bold, with asterisks 

implying statistical significance ( p < 0.05)). 

Metric U-net USL STSL Ours 

Prostate DSC 0.85 ± 0.07 0.86 ± 0.05 0.87 ± 0.06 0.89 ± 0.03 

p value 2.8E −6 ∗ 2.1E −4 ∗ 1.1E −4 ∗ N/A 

ASD 2.01 ± 1.14 1.65 ± 1.29 1.53 ± 1.41 1.32 ± 0.76 

p value 1.4E −11 ∗ 1.5E −10 ∗ 5.0E −9 ∗ N/A 

Bladder DSC 0.91 ± 0.04 0.93 ± 0.06 0.94 ± 0.04 0.94 ± 0.03 

p value 4.0E −3 ∗ 9.6E −4 ∗ 7.2E −2 N/A 

ASD 4.30 ± 2.07 1.86 ± 0.59 1.22 ± 0.57 1.15 ± 0.65 

p value 8.3E −11 ∗ 1.6E −6 ∗ 1.3E −1 N/A 

Rectum DSC 0.86 ± 0.05 0.88 ± 0.07 0.87 ± 0.05 0.89 ± 0.04 

p value 1.0E −5 ∗ 4.8E −3 ∗ 8.4E −4 ∗ N/A 

ASD 2.14 ± 1.86 1.75 ± 1.24 1.80 ± 1.19 1.53 ± 0.91 

p value 6.9E −6 ∗ 5.5E −6 ∗ 1.9E −5 ∗ N/A 
 Ronneberger et al., 2015 ), the very successful architecture for

edical image segmentation achieves better performance than

CN-8s ( Long et al., 2015 ) in DSC, but it still cannot deal with

he unclear boundary very well, as can be seen from the ASD val-

es. Utilizing dilated convolutions to expand the receptive field

ithout losing resolution, Dilated U-net further improves perfor-

ance in terms of both DSC and ASD. Even so, our network out-

erforms comparison networks by a large margin. In particular,

or the prostate and rectum, the performance improvement is es-

ecially meaningful due to their more indiscriminative boundary.

hese comparison results demonstrate that our multi-label loss im-

oses better supervision for the challenging CT pelvic organ seg-

entation, and the soft label used not only provides better rep-

esentation for the boundary information but also contributes to

uiding the organ segmentation. 

Some representative segmentation results of different networks

re shown in Fig. 6 , which delineates the predictions overlaid on

he raw images using different colors for the three organs in the

xial plane. For better observation, these images have been prepro-

essed using the method we mentioned. In Fig. 6 , we can see that

he boundaries are hard to distinguish, and the shapes have large

ariations across patients. Nevertheless, our method still achieves

ore robust and accurate results compared with other methods,

specially when dealing with complex scenes. 

We also show several typical comparisons between the ground

ruth segmentation and automatic segmentation of each individ-

al organ in Fig. 7 , and select a particular region in each im-

ge to zoom in for detailed observation. It is obvious that FCN-8s

 Long et al., 2015 ), U-net ( Ronneberger et al., 2015 ), and Dilated

-net is weak in dealing with unclear boundaries, while the pre-

iction results obtained by our method are more consistent with

he ground truth segmentation. This is also a good proof of the ef-

ectiveness of our boundary representation method. 

.7. Effectiveness of organ localization 

Instead of segmenting the original CT image covering the whole

elvic area, an organ localization model is first applied to allow us

o focus on the candidate segmentation region for each organ. In

rder to verify its effectiveness in improving performance, we com-

are the DSC values of U-net ( Ronneberger et al., 2015 ) in the seg-

entation of organs in original CT images and cropped organ pro-

osals. Moreover, we also report the AvgR and TTR values to indi-

ate how many useless background voxels have been dropped and

hether the whole organ volume has been preserved after organ

ocalization. The results are reported in Table 2 . We can see that

rgan localization can effectively remove some background vox-

ls that have negative impacts on segmentation performance (in
erms of AvgR and DSC) while preserving all target organ volumes

in terms of TTR). 

.8. Effectiveness of boundary sensitive representation 

In our implementation, we design a new model to represent

he boundary information and then guide the organ segmenta-

ion. To evaluate its importance and effectiveness, we define two

ther boundary soft label definition methods for comparison. The

rst one is named as Unlearning-Soft-Label (USL), which is based

n spatial distances between voxels and boundaries to define soft

abels. The other one is named as Single-Task-Soft-Label (STSL),

hich uses single-task learning to segment the boundary masks

dilating the organ contour line with the same kernel size as gen-

rating morphological masks) directly and performs soft labeling

n the predicted boundary voxels. Table 3 reports the segmenta-

ion performance based on three different soft label definitions. In

ddition to DSC and ASD, we also perform paired t -test between

he performance of each comparison method and our method to

et the corresponding p values. From these results, we can see

hat USL outperforms conventional U-net in terms of both DSC and

SD, which demonstrates the guidance capability of boundary in-

ormation for segmentation. Compared with our method, STSL is

ot very effective although it can slightly improve the performance

f the conventional U-net. From p values, it is observed that our

ethod can improve the segmentation performance more effec-

ively, compared with other methods with statistically significant

mprovement. 

Moreover, we output the soft label probability maps of multi-

abel segmentation networks under three representation methods.

ne representative example for each organ is shown in Fig. 8 .

ue to considering only the low-level spatial cue and ignoring

he high-level semantic cue, USL is introduced with a lot of noise

nterference, weakening the value of the boundary information.

herefore, in Fig. 8 , the predicted boundaries of USL are easily

nterfered which results in unreasonable guidance for segmenta-

ion. For STSL, taking voxels around boundaries as a new class

s not a good choice while many hard-segmented voxels are still
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Fig. 6. Representative cases of the segmentation results of the prostate (red), bladder (green), and rectum (blue) obtained by FCN-8s, U-net, Dilated U-net, and our multi- 

label segmentation network. These images are from different subjects and shown in the axial view. The triple array at the bottom of each image denotes the DSC values of 

the prostate, bladder, and rectum, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 7. Comparison between segmentations produced by different networks and the ground truth segmentation. Each row shows two representative cases for each organ. 

Red curves indicate the manual delineations, and yellow curves indicate the automatic segmentations. (For interpretation of the references to color in this figure legend, the 

reader is referred to the web version of this article.) 
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not well recognized. In contrast, our method detects the boundary

sensitive voxels to represent the boundary information, improving

the accuracy of the representation and also the robustness of the

prediction. 

4.9. Comparison with other state-of-the-art methods 

We compare our method with other existing methods for CT

male pelvic organ segmentation using the same dataset based on
heir reported performance, and their brief introductions are sum-

arized as follows: 

• Locally-constrained Boundary Regression (LcBR, Shao et al.,

2015 ) exploits the regression forest for boundary detection

and designs an auto-context model to improve the segmen-

tation results in an iterative way. 
• Joint Regression and Classification (JRC, Gao et al., 2015 )

guides deformable models by jointly learning image regres-

sor and classifier. 
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Fig. 8. Visualization of soft label probability maps under different boundary representation methods. 

Table 4 

Comparison with previous works on the same dataset using DSC. (The best results 

are indicated in bold). 

Method Prostate Bladder Rectum 

JRC 0.86 ± 0.05 0.91 ± 0.10 0.79 ± 0.20 

LcBR 0.88 ± 0.02 0.86 ± 0.08 0.84 ± 0.05 

IJRC 0.87 ± 0.04 0.92 ± 0.05 0.88 ± 0.05 

Ours 0.89 ± 0.03 0.94 ± 0.03 0.89 ± 0.04 

Table 5 

Comparison with previous works on the same dataset using ASD (mm). (The best 

results are indicated in bold). 

Method Prostate Bladder Rectum 

JRC 1.85 ± 0.74 1.71 ± 3.74 2.13 ± 2.97 

LcBR 1.86 ± 0.21 2.22 ± 1.01 2.21 ± 0.50 

IJRC 1.77 ± 0.66 1.37 ± 0.82 1.38 ± 0.75 

Ours 1.32 ± 0.76 1.15 ± 0.65 1.53 ± 0.91 
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Table 6 

Illustration of the results of other works using different datasets based on DSC and 

ASD (mm). 

Metric Lay Martinez Men Shi Ours 

Prostate DSC N/A 0.87 N/A 0.89 0.89 

ASD 3.57 N/A N/A 1.64 1.32 

Bladder DSC N/A 0.89 0.93 N/A 0.94 

ASD 3.08 N/A N/A N/A 1.15 

Rectum DSC N/A 0.82 N/A N/A 0.89 

ASD 3.97 N/A N/A N/A 1.53 

Table 7 

Illustration of the results of other works using different datasets based on PPV and 

SEN. The values before and after the slash denote the median and mean values 

respectively. 

Metric Freedman Costa Chen Ours 

Prostate PPV 0.85/– –/0.85 0.87/– 0.93/0.93 

SEN 0.83/– –/0.81 0.84/– 0.88/0.85 

Bladder PPV N/A –/0.80 N/A 0.95/0.94 

SEN N/A –/0.75 N/A 0.96/0.93 

Rectum PPV 0.85/– N/A 0.76/– 0.93/0.92 

SEN 0.74/– N/A 0.71/– 0.88/0.86 
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• Iterative JRC (IJRC, Gao et al., 2016 ) is the extended version

of JRC ( Gao et al., 2015 ), which introduces an auto-context

model to iteratively enforce structural information during

voxel-wise prediction. 

Tables 4 and 5 report a quantitative comparison between our

ethod and the three previous works on the same dataset using

he mean DSC and ASD with standard deviations. For prostate, the

hree comparison methods achieve similar performance using DSC,

ith our method having a 2% improvement. Meanwhile, it is re-

arkable that our method greatly improves the performance for

SD, which measures the segmentation results based on the av-

rage distance from all voxels on the boundary of the automatic

egmentation to the boundary of the ground truth. This improve-

ent is mainly due to our complementary multi-label loss, which

ot only produces the segmentation between the foreground and

ackground, but also tries to delineate the accurate boundary. The

ladder with wall structure is relatively easy to segment compared

o the prostate and rectum. All methods can obtain satisfactory

SC values, but the ASD results show that our method is more ca-

able of accurately identifying the boundary. For the rectum, our

ethod has the best DSC and the second best ASD, behind only

JRC ( Gao et al., 2016 ). 

Further, we also illustrate our results along with some state-of-

he-art methods ( Freedman et al., 2005; Costa et al., 2007; Chen
t al., 2011; Lay et al., 2013; Martínez et al., 2014; Men et al., 2017;

hi et al., 2017 ) using different datasets. Since these approaches

egment different subjects of the three pelvic organs using differ-

nt metrics, we separate the results into Table 6 (DSC and ASD)

nd Table 7 (PPV and SEN). Please note that the reported results

re only for reference. 

. Conclusion and discussion 

In this paper, we have presented an automatic algorithm for the

egmentation of male pelvic organs in CT images. To address the

hallenges of unclear boundaries and large shape variations, we

ropose a boundary sensitive representation method to character-

ze the boundary and capture the shape with less noise. Then, we

ntroduce the boundary information into the supervision and de-

ne a multi-label cross-entropy loss function to reinforce the net-

ork with more discriminative capability. Extensive experiments

n a large and diverse planning CT dataset show that our proposed

ethod outperforms the baseline fully convolutional networks, and
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also achieves better segmentation accuracy than other state-of-the-

art methods for CT male pelvic organ segmentation. 

In future work, we will further improve the segmentation per-

formance from the following three aspects. 1) To make the gen-

erated soft labels more suitable to the dataset, we can investigate

a more effective end-to-end fashion, instead of the current multi-

step one. 2) The generated soft labels not only can guide the net-

work optimization, but also can be further explored. For example,

we can combine the output hard labels and the soft labels together

to refine the segmentation results. 3) Since using the whole bound-

ary to represent the organ shape may bring lots of redundant in-

formation, we can only use soft labels around some meaningful

locations, such as the anterior-most, posterior-most, left, and right

points, which may provide a more effective manner to represent

the organ shape. 
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