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Abstract
Purpose: Reliable automated segmentation of the prostate is indispensable for image-guided
prostate interventions. However, the segmentation task is challenging due to inhomogeneous
intensity distributions, variation in prostate anatomy, among other problems. Manual segmentation
can be time-consuming and is subject to inter- and intra-observer variation. We developed an
automated deep learning-based method to address this technical challenge.

Author Manuscript

Methods: We propose a 3D fully convolutional networks (FCN) with deep supervision and group
dilated convolution to segment the prostate on magnetic resonance imaging (MRI). In this method,
a deeply supervised mechanism was introduced into a 3D FCN to effectively alleviate the common
exploding or vanishing gradients problems in training deep models, which forces the update
process of the hidden layer filters to favor highly discriminative features. A group dilated
convolution which aggregates multi-scale contextual information for dense prediction was
proposed to enlarge the effective receptive field of convolutional neural networks, which improve
the prediction accuracy of prostate boundary. In addition, we introduced a combined loss function
including cosine and cross entropy, which measures similarity and dissimilarity between
segmented and manual contours, to further improve the segmentation accuracy. Prostate volumes
manually segmented by experienced physicians were used as a gold standard against which our
segmentation accuracy was measured.
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Results: The proposed method was evaluated on an internal dataset comprising 40 T2-weighted
prostate MR volumes. Our method achieved a Dice similarity coefficient (DSC) of 0.86 ± 0.04, a
mean surface distance (MSD) of 1.79 ± 0.46 mm, 95% Hausdorff distance (95%HD) of 7.98
± 2.91 mm and absolute relative volume difference (aRVD) of 15.65 ± 10.82. A public dataset
(PROMISE12) including 50 T2-weighted prostate MR volumes was also employed to evaluate our
approach. Our method yielded a DSC of 0.88 ± 0.05, MSD of 1.02 ± 0.35 mm, 95% HD of 9.50
±5.11 mm and aRVD of 8.93 ±7.56.
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Conclusion: We developed a novel deeply supervised deep learning-based approach with a
group dilated convolution to automatically segment the MRI prostate, demonstrated its clinical
feasibility, and validated its accuracy against manual segmentation. The proposed technique could
be a useful tool for image-guided interventions in prostate cancer.
Index Terms:
3D prostate segmentation; fully convolutional networks (FCN); deeply supervised mechanism;
group dilated convolution

1.

INTRODUCTION

Author Manuscript

Prostate cancer is the leading cancer diagnosis amongst American men.1 Magnetic
resonance (MR) imaging is a non-invasive modality that is increasingly recognized as the
gold standard over computed tomography (CT) for prostate imaging due to its superior soft
tissue contrast.2 Accurate prostate delineation is crucial for treatment planning and effective
image-guided radiotherapy.3 However, manual segmentation of 3D MR images is costly,
time-consuming and observer-dependent.4 Prostate MR imaging artifacts, prostate gland
intensity inhomogeneity, and variation in other variables such as prostate size, shape and
deformation between patients all contribute towards the challenge of automated
segmentation.5 Fig. 1 (a) and (b) show the obvious anatomic and inter-patient variations.
Therefore, developing an automated and reliable approach for MR prostate segmentation is
an unmet need in current clinical practice.

Author Manuscript
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The most frequently applied prostate segmentation schemes can be classified into 3
categories: multi-atlas based approaches, deformable models and learning-based methods.6
In the first category, the general framework is to register each segmented training image to a
target image. Then, the aligned segmentations are fused to derive the final results for the
target image.7–10 Despite the success that has been achieved so far, there are still several
drawbacks of atlas-based methods. For instance, the final segmentation accuracy will highly
depend on image registration accuracy. And it is difficult to perform atlas selection and label
fusion when there are obvious differences between the target images and the representative
appearance and shapes found in the atlases. The time required for computation increases
with the number of chosen atlases. In the second category, deformable surfaces can be used
for the delineation of 3D structures given prior knowledge of the shape of target object. This
method is therefore well-suited to construct the appearance model for images and creates a
proper framework for information fusion.11,12 However, in order to separate objects of
interest from the background, the deformable model heavily relies on intensity patch-based
or handcrafted features which are designed for specific computer vision tasks.13–17 In fact,
the discriminative power of these features can vary considerably across different types of
data. The same is true for the previously described feature-based machine learning methods,
e.g., random forest classifier for tissue segmentation.18–22
Accordingly, more attention has been drawn to machine/deep learning, which is capable of
automatically learning effective features from data, and its impressive performance in
automated prostate segmentation.23–25 Particularly, convolutional neural networks (CNNs)
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with deep architectures have become a dominant branch. They have been applied to handle
2D medical image segmentation problems with remarkable success.26–28 Nonetheless, 3D
spatial information from volumetric medical images has not been adequately characterized.
Recently, some studies have proposed 3D fully convolutional networks (FCN) for detection
and segmentation tasks,29–31 which more effectively captures volumetric features of
complex anatomical structures in medical images.

Author Manuscript

Our method is inspired by deeply-supervised CNN32–34 and a volume-to-volume
segmentation method called V-net,35 which can be considered a 3D variant of the U-net
framework including both contracting and expanding stages in FCN, and introduced the
usage of residual blocks and dice coefficient as an objective function of 3D convolutional
layers.36 In this paper, we introduce an additional deep supervision with a group dilated
convolution (DSD) to affect the hidden layers in the expanding stage during training the
FCN for accurate prostate segmentation on T2-weighted MR images and the proposed
model is termed 3D DSD-FCN. Our contributions are three-fold: To begin with, a deeply
supervised mechanism is developed in 3D FCN architecture. Second, a group dilated
convolution is proposed to enlarge the field of convolutional kernels and reduce the use of
down-sampling and up-sampling operations, which allows for the computation of feature
volumes of any layer at any desirable resolution. In addition, a combined loss function
incorporating both similarity and dissimilarity measures is presented. A summary diagram is
shown in Fig. 2, which summarizes the information above.
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The rest of the paper is organized as follows. Our 3D DSD-FCN model involving deeplysupervised mechanism via dense predictions, distinct loss functions and group dilated
convolution for feature extraction is presented in Sec. 2. In Sec. 3, details of our experiments
are introduced, which consists of basic information of datasets, parameter settings and
evaluation criteria. We then show the experimental results of our DSD-FCN on prostate
segmentation of T2-weighted MR images. They are then compared to other state-of-the art
methods. Section 4 discusses our method and its potential for clinical analysis. Finally, we
will provide a conclusion to this work in Sec. 5.

2.
2.A.

MATERIALS AND METHODS
Overview

Author Manuscript

Our method aims to automatically segment the prostate on MR images by employing 3D
dilated FCN with a deep supervision mechanism. It has been demonstrated that a deep
supervision mechanism drives the early hidden layers to strongly favor discriminative
features for explicit predictions, which means deep supervision mechanism can effectively
accelerate the convergence speed of training.32 Simultaneously, it has been demonstrated
that a deep supervision mechanism drives the early hidden layers to strongly favor
discriminative features for explicit predictions. Fig. 3 details the architecture of our proposed
network, which includes the 3 main parts – contracting, bridging and expanding stages.
In the contracting stage (i.e., encoder part for analyzing the whole volume), feature
representations of 3D anatomical context can be extracted via successive 3D convolutions
followed by the parametric rectified linear unit (PReLU). The PReLU is proposed as an
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effective activation function to prevent over-fitting.37 Instead of a max-pooling operation for
down-sampling, a strided convolution is adopted to produce the input volumes for the next
convolution layer where the size of feature volumes is reduced while the number is
increased.
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The bridging stage has a similar structure to the encoder modules above without strided
convolution. This can be seen as a transitional block between contracting and expanding
stages. In the expanding stage (i.e., decoder part for generating a full-resolution
segmentation), deconvolutional operations (i.e., up-sampling) are exploited to bring forth the
input volumes for the next layer. In other words, each expanding stage performs up-sampling
followed by two or three convolutional layers. In order to obtain volume-based contour
probability maps that maintain the same size of input MRI volume in higher expanding
stages, several deconvolutional layers followed by a convolutional layer with 1×1×1 kernel
size are used. This results in segmentations that are progressively more refined. The
combined loss function with cross-entropy and cosine similarity is minimized when training
the model.

Author Manuscript

In order to recover the corresponding location loss caused by down-sampling in the
contracting stage, we used the long skip connections with concatenation to propagate the
spatial information from the contracting stage to the expanding stage. This signifies that an
expanding path can make use of twice as many features as a contracting path. Each short
skip connection using element-wise sum integrates feature volumes in each step, which
encourages the path via the non-linearity to learn residual representations of the
corresponding input data. Both types of skip connections represent a direct flow of feature
volumes from early to late stages in the network and are beneficial to the convergence of
creating deep networks for image segmentation tasks.38,39
Notably, our 3D DSD-FCN segmentation method differs from previous work on MR
prostate segmentation with respect to network architecture, convolutional kernels
construction and loss function.40,41 A keyword combination including “MRI & prostate &
segmentation & deeply supervised & dilated convolution” was used to search for any
relevant publications on PubMed. At the time of the most recent search in October 2018,
there were no results similar to our work.
2.B.

3D deeply-supervised mechanism via volume-based dense predictions

Author Manuscript

Deep models are known to obtain rich feature representations. However, there are still
potential issues in training a deep network with inadequate discriminative power towards
learned features and exploding or vanishing gradients. It has been discovered that different
layers probably receive gradients with different magnitudes due to unstable backpropagating gradients from the loss function.42,43 In particular, the shape and appearance of
the prostate organs often vary obviously among patients, which is a great challenge when
training deep models for MRI prostate segmentation. Inspired by deeply-supervised
networks applied to image classification and segmentation,32,44 we introduce a deep
supervision mechanism into our 3D FCN model to deal with the problems noted above.
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The hidden layer feature maps in the deep network can be directly exploited as a supervision
via volume-based contour probability maps.44 Specifically, the output of each expanding
stage is successively up-sampled until they have the same size as training images. Then, a
softmax function can be chosen to generate the contour probability maps followed by
labelling each voxel. Accordingly, the losses of these intermediate layers together with that
of the final output layer are combined for the gradients backpropagation, which are used to
identify more effective parameters with each iteration. In essence, each supervised feedback
of the corresponding expanding path directly influences the discriminative capability of the
model and simultaneously speeds up the optimization process.

Author Manuscript

Although a gradient descent approach has generally been adopted to optimize a loss
function, the characteristics and performance of different loss functions were rarely
discussed and compared in previous MR prostate segmentation studies. We introduced
cosine similarity and two other types of loss functions including cross entropy and Dice
coefficient to evaluate our 3D DSD-FCN.45 Furthermore, since these loss functions can be
grouped into similarity and dissimilarity measures between two binary signals, we
conducted experiments based on their various combination.
2.B.1 Cross-entropy—Cross-entropy is commonly exploited to quantify the
dissimilarity between two probability distributions. Let P = {p1,…, pN} be the set of
predicted labels of each voxel and G = {g1,…, gN} be the set of ground-truth labels, where
N represents the number of voxels in a volume. Thus, as an information theoretic quantity,
cross-entropy and its partial derivatives used within the gradient for the j-th voxel of the
prediction can be directly defined as follows, CE is short for cross-entropy.
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CE= −

N

N

i=1

i=1

∑ gilogpi − ∑ (1 − gi)log(1 − pi)

∂C E
1 − gj gj
=
−
∂pj
1 − pj pj

(1)

(2)
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2.B.2 Dice similarity coefficient—The Dice similarity coefficient (DSC) is an overlap
metric frequently used for assessing the quality of segmentation maps. Hence, DSC
formulation and its partial derivatives providing the gradient for the j-th voxel of the
prediction can be defined as follows, where D is short for DSC.

D=

2∑iN= 1 pigi

∑iN= 1 pi2 + gi2

(3)
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2g j ∑iN= 1 pi2 + gi2 − 4p j ∑iN= 1 pigi
∂D
=
2
∂pj
p2+g2
∑N
i=1

i

(4)

i

2.B.3 Cosine similarity—Cosine similarity is a measure of similarity between 2 nonzero vectors of an inner product space that measures the cosine of the angle between them.
Therefore, cosine similarity formulation and its partial derivatives computing the gradient
for the j-th voxel of the prediction are given as follows, where C is short for cosine
similarity.
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C=

∑iN= 1 pigi

∑iN= 1 pi2 ∑iN= 1 gi2

(5)

g j ∑iN= 1 pi2 ∑iN= 1 gi2 − p j ∑iN= 1 pigi ∑iN= 1 gi2
∂C
=
3
∂pj
N
2 N
2 2
∑i = 1 pi ∑i = 1 gi

(6)
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2.B.4 Combination of loss functions—By taking advantage of both similarity and
dissimilarity metrics, we combined cross-entropy with DSC and cosine similarity into the
loss functions of all expanding stages, and the final loss function for the 3D DSD-FCN is
defined as follows:
Lfinal(P, G) =

4

∑ γt LCE(P, G) + βLS(P, G)

(7)

t=1

where P and G are the predicted (segmented) and ground-truth voxel sets derived from the
extracted patch of MR prostate volume. LC and Ls represent cross-entropy and similarityE

Author Manuscript

based loss function. Parameters β is used to balance the two loss metrics. The details of β
selection will be described in 3.B. parameter settings. While γt denotes the balancing
weights of loss in each stage and it is empirically set to be γt = {0.1, 0.3, 0.6, 1}, t ∊ {1, 2, 3,
4}.
2.C.

3D group dilated convolution for feature extraction
In classic 3D FCN models for image segmentation, using a repeated max-pooling operation
or strided convolution at consecutive stages, deconvolutional or up-sampling layers were
commonly employed as partial compensation for spatial resolution of the resulting feature
volumes. However, an excess number of these operations adversely affects the original
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information of the spatial layout of images. It is important to take advantage of structured
information of spatial distribution in medical images which contain complex anatomical
environments, such as MRI prostate images. For this reason, both accurate localization with
small field of view and context assimilation with large field of view should be taken into
consideration.

Author Manuscript

An effective scheme called dilated convolution was recently shown to offer a reliable
mechanism to balance the trade-off between efficiency and accuracy.46 The core concept is
to insert holes (zeros) into the convolution kernels, which enlarges the receptive field of the
network allowing contextual information to be employed for disambiguating local cues. As
illustrated in Fig. 4, dilated convolution with varying dilation rates through the layers results
in an enlarged field of view. In order to take into account the tradeoff between local and
spatial information, we varied the dilation rates of kernels for each corresponding layer. This
improved the performance of semantic segmentation.47
Generally, dilated convolution is applied on feature maps that are already down-sampled in
consideration of finding a reasonable trade-off between efficiency and precision. For the
purpose of combining the advantages of convolution with different dilation rates, we
alternatively explored how to sum or concatenate dilated convolutional layers instead of only
consecutively implementing convolution for MR prostate segmentation using an effective
and efficient model, (Fig. 5).

3.
3.A.

EXPERIMENTS
Dataset

Author Manuscript

We evaluated our proposed method on two different datasets. The first is an institutional
dataset containing 40 T2-weighted MR prostate volumes with segmentation ground truth,
which were manually drawn following the RTOG pelvis contouring guidelines and were
quality checked. This retrospective study has been approved by the institutional review
board. To be able to evaluate the automatic algorithms with respect to manual contour, the
inter-rater variability among three experts was tested. The final manual contour of each
patient was obtained based on the consensus of three experts. All MR images were acquired
using a 3.0T Siemens Trio Tim scanner. The spacing and dimensions varied between all
volumes, and the slices thickness was 2 mm to 2.5 mm, and the image size is 512×512. The
second dataset is a publicly available challenge dataset – MICCAI Prostate MR Image
Segmentation 2012 (PROMISE12), a portion of which contained images with an endorectal
coil. There were 50 transverse T2-weighted MR prostate volumes with corresponding
ground truth in the dataset. All images were derived from different hospitals employing
different equipment and acquisition protocols, which led to extreme variations with respect
to voxel size, dynamic range and anatomy.

Author Manuscript

3.B.

Parameter settings
Empirically, gamma should be provided according to different resolution of each stage of
deep supervision. We use relatively low weight for the stage of low resolution and the
highest weight for the final stage. When gamma is set to be γt = {0.1, 0.3, 0.6, 1}, t ∊ {1, 2,
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3, 4}, we can obtain the best performance in terms of DSC. The range of beta in Equation
(7) was set to be β ∊ (0.5, 1.5], then we fixed gamma and varied beta with interval 0.1 in
order to observe performance in terms of Dice scores. We employed 4-fold cross validation
to test the parameter setting, where cross-entropy and cosine similarity were used as
combined loss function. The experiment results are demonstrated in Fig. 6. It is observed
that the best performance of DSC can be achieved when β = 0.9.

Author Manuscript

Since data pre-processing has been extensively used during the training stage of various
neural networks, we also took advantage of a data augmentation strategy incorporating axial
plane flips and rotations to generate additional transformed training samples. Our 3D DSDFCN model was implemented based on TensorFlow, and all training and testing were
conducted on a DELL workstation equipped with Intel(R) Xeon(R) E5–2630 CPU working
at 2.2GHz, 96GB of memory, and a NVIDIA TITAN XP GPU with 12GB of memory. We
trained the proposed networks using the Adam optimizer for 400 and 700 epochs on our
dataset and public dataset respectively. All the experiments were conducted with the highest
performing parameter settings.
3.C.

Evaluation criteria
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To test the performance of our proposed method, we employed standard leave-5-out cross
validation techniques for the training data on 4 quantitative metrics: Dice similarity
coefficient (DSC), mean surface distance (MSD), 95% Hausdorff distance (95%HD)48 and
absolute relative volume difference (aRVD). The DSC measures the amount of overlap
between the ground truth segmentation and the automated segmentation. The MSD is
employed to measure the mean distance between the surface of the ground truth and that of
the segmented volume, while the aRVD is used to compute the percentage of the absolute
difference between the 2 volumes. Although the Hausdorff Distance typically evaluates the
difference between two different representations of 3D objects, the 95% HD is used in
practice rather than a HD as it is harsh and sensitive to noise. Except for DSC which is
defined in equation (3), the other metrics can be calculated as follows,
MSD(X, Y) =

1
X + Y

∑

x∈X

d(x, Y) +

∑ d(y, X)

y∈Y

HD(X, Y) = max max d(x, Y), max d(y, X)
x∈X
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aRVD = 100 ×

y∈Y

VS

VG

−1

Med Phys. Author manuscript; available in PMC 2020 April 01.

(10)

(9)

(8)

Wang et al.

Page 9

Author Manuscript

Where |X| and |Y| denote the number of pixels on the surface X and Y, respectively. VS and
VG are the segmented prostate volume from the segmentation method and the prostate
volume (ground truth) from physicians’ manual delineation. The Euclidean distance from a
pixel y to a surface X is defined as d(y, X) = min y − x and vice versa.
x∈X

3.D.

Experimental results on internal dataset
In this section, we first verified the effectiveness of the deeply supervised mechanism as well
as the group dilated convolution. Then we compared the influence of various loss functions
and their combinations with regard to all the metrics for MRI prostate segmentation. In order
to observe the situation of training stage, we conducted the experiments with leave-5-out
cross-validation for obtaining training and validation subsets.

Author Manuscript

It can also be observed that the 3D deeply supervised FCN (DS-FCN) converges faster in
Fig. 7 (a) and achieves higher validation in comparison to 3D FCN in Fig. 7 (b). In
particular, there is no effective change of parameters after the fluctuation of 3D FCN curves
during early epochs, indicating that the compared companion supervision directly improves
the convergence rate. These experimental results not only verify the effectiveness of the
deeply supervised mechanism in enhancing the discriminative power of the 3D FCN, but
also prove that the gradients vanishing or exploding problem in the early training stage is
substantially ameliorated.44

Author Manuscript

Fig. 8 compares of the probability maps between the 3D FCN and our 3D DS-FCN in each
stage. The 3D FCN cannot accurately predict the prostate probability map at each stage,
while our 3D DS-FCN can, due to the deeply supervised mechanism. Fig. 9 demonstrates a
quantitative comparison. For the voxel samples in probability maps of a test volume (case
17), their distributions of the principal-component-analysis (PCA)-projected prediction at
the final, high-, middle- and low-resolution stages indicate an obvious discrimination
between prostate and non-prostate regions. The mean Euclidean distance from the four
stages between the two groups using the 3D DS-FCN is 8.94±4.70, which is about 2.7 times
greater than that of the 3D FCN (3.34±1.48), demonstrating the deep supervision could help
a 3D FCN to more accurately identify the prostate and non-prostate tissues to improve
segmentation performance. Fig. 10 shows the segmentation comparison between the 3D
FCN and our 3D DS-FCN. Both of these methods yield accurate segmentation results and
the 3D DS-FCN based approach outperforms the 3D FCN based method, especially for at
the MR prostate apex and base.

Author Manuscript

Next, we evaluated the contribution of a group dilated convolution and performed a
comparison using sequence, summation, and concatenation convolutions with a range of
dilation rates (dilation rate = 1, 2, 3), as shown in Fig. 4. Fig. 11 compares the segmentation
performance between the 3D DS-FCN and the 3D DSD-FCN with sequence, summation,
and concatenation convolutions. We can see that the 3D DSD-FCN results in better
segmentation over the 3D DS-FCN and the 3D DSD-FCN; and a concatenation convolution
achieves the best segmentation within these methods. Next, we quantitatively compared for
these methods using DSC, MSD, 95% HD and aRVD metrics, as shown in Table 1. The 3D
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DSD-FCN with a concatenation convolution achieved the best performance among these
four approaches with exception when measured by aRVD.
The above experiments were implemented with frequently-used Dice loss function. We
further developed different loss functions including cross-entropy and cosine similarity and
their combinations, each of which may influence the segmentation results. Based on 3D
DSD-FCN with a concatenation convolution, five types of loss functions were quantitatively
evaluated using the four metrics as shown in Table 2. The worst scores were obtained when
only cross-entropy loss function was employed. For most metrics, the 3D DSD-FCN with a
combined loss function can obtain better segmentation results than those obtained by single
loss methods. The 3D DSD-FCN method with a combined function between cosine
similarity and cross-entropy loss achieved the best scores in terms of MSD, 95% HD, and
aRVD.
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To demonstrate the effectiveness of our presented 3D DSD-FCN method, we evaluated it
against several state-of-the-art methods on the internal dataset, which included a 3D U-net
and V-net.35 Fig. 12 and Fig. 13 show prostate segmentation results of two representative
cases produced by 3D U-net, V-net and our approach. Our proposed method outperformed
the other competing methods, especially at the prostate apex and base regions, which are the
most challenging in clinical practice. The segmentation results are compared between all
methods in Table 3. The combined loss function consists of cosine similarity and crossentropy loss was used for this evaluation. Compared with the 3D U-net and V-net methods,
our DSD-FCN improves the accuracy of prostate segmentation on the DSC and MSD.
3.E.

Experimental results on public dataset
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We also validated the performance and robustness of our method using the PROMISE12
dataset. Extensive experiments were conducted on all 50 training volumes with leave-5-out
cross-validation. The dataset was then divided into 5 subsets, four of which were used for
training and one for testing. The qualitative comparisons of segmentation results on prostate
images with and without endorectal coil using 3D U-net, V-net and our 3D DSD-FCN are
shown in Fig. 14–17. These four representative cases demonstrate the existing challenges
related to MR prostate segmentation. They include similarity of the prostate to adjacent
tissue, inter-patient variability in shape and appearance of the prostate, and heterogeneous
intensity around endorectal coils. As seen, the proposed 3D DSD-FCN method with the
combined loss function provides the most accurate segmentation performance, particularly
at the MR prostate apex and base.

Author Manuscript

Quantitative comparisons between our approach and state-of-the-arts methods based on deep
learning, yielded mean and standard deviation of DSC (0.881 ± 0.047), MSD (1.015 ± 0.346
mm), 95% HD (9.496 ± 5.105 mm), and aRVD (8.927 ± 7.559) respectively (Table 4).
Compared with the 3D U-net and V-net methods, there is an improvement in DSC and MSD
for our proposed 3D DSD-FCN segmentation method. Overall, our 3D DSD-FCN method
obtained a higher DSC, and lower MSD, 95% HD and aRVD values, with a smaller standard
deviation.
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The inter- and intra-observer variations of manual segmentations are illustrated in Fig. 16.
To evaluate the intra-observer reliability, the DSC and MSD between two manual contours
from the same observer with a 3-week interval were compared as shown in the first rows of
Fig. 18. The mean DSC and MSD are 0.930±0.016 and 0.494±0.364 mm between the two
contours. Inter-observer variation from three different experts were also compared as shown
in the second rows of Fig. 18. The mean DSC and MSD are 0.838±0.037 and 1.462±0.727
mm between observer 1 and 2, 0.855±0.041 and 1.366±0.632 mm between observer 1 and 3,
and 0.832±0.042 and 1.242±0.766 mm between observer 2 and 3. High DSC and small
MSD with a small variation among these three inter-observer comparisons demonstrated the
consistency of the manual contours for the internal dataset. In addition, comparison of our
segmentation results with different manual contours from each observer is illustrated in Fig.
19. The DSC variance between our segmented results (range from 0.81 to 0.89) and manual
contours (range from 0.75 to 0.91) is smaller than that among three physicians, which
demonstrated our method partially reduces inter-observe variation.

4.

DISCUSSION

Author Manuscript

To deal with the challenges arising from the complex size, shape and appearance of the
prostate, we developed a novel MR prostate segmentation approach based on a 3D deeply
supervised FCN with group dilated convolution. Each dense prediction as a deep supervision
in expanding stage can contribute to the effective acceleration of convergence in training our
3D FCN, which addresses the existing gradients exploding or vanishing problem. More
importantly, a dilated convolution enlarging the receptive field can preserve extra contextual
information, which is of vital importance for label predictions of every voxel. Lastly, the
selection of loss functions plays a crucial role in MR prostate segmentation tasks through
experimental verification. The quality of the final segmentation result is further improved by
a smoothing refinement. Regarding computational complexity, we did not perform
complicated pre-processing, such as N4 bias field correction, or perform image resizing at
the training or testing stages, in contrast to previously published work.41 The most timeconsuming step in our scheme was training the 3D DSD-FCN model, which took about 4
and 7 hours for the internal and PROMISE12 datasets respectively. Each MR prostate
volume was segmented within 3 seconds and the time for contour refinement was less than 1
second.
4.A.

3D deeply-supervised mechanism

Author Manuscript

According to the Fig. 7, Fig. 8 and Fig. 9, deep supervision mechanism effectively provides
solution for optimization issue when training a 3D FCN model. Moreover, it can
simultaneously accelerate the convergence speed and improve the discriminative power of
features. Fig. 10 directly illustrates segmentation comparison between the 3D FCN and our
3D DS-FCN on two different cases, the 3D DS-FCN can obtain better performance in terms
of base, center and apex regions.
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With consideration to the trade-off between efficiency and accuracy when training the
network, we embedded the group dilated convolution into deeper layers, replacing the
common successive convolution layers, (i.e., dilated convolution) for feature extraction. Fig.
11 shows the results of qualitative comparison between 3D DS-FCN and 3D DSD-FCN. The
3D DSD-FCN can achieve superior segmentation performance, especially on base and apex
parts of prostate MR images. It was likely to be attributed to more contextual information
with different rates. According to Table 1, different methods of group dilated convolution
can provide improvements based on 3D DS-FCN and the best performance in terms of DSC,
MSD and 95%HD can be obtained when using concatenated approach.
4.C.

Combined loss function

Author Manuscript

The cross-entropy loss is generally optimized for voxel-level accuracy, while cosine
similarity loss is helpful for improving the segmentation quality.45 Hence, the combination
of cross-entropy and cosine distance loss can be used for their individual advantages to
address each issue to achieve a better quantitative and qualitative performance. The
quantitative results of Table 2 show the influence of different loss functions and combination
of these loss functions, and the combined cross-entropy and cosine distance loss can provide
better results in terms of DSC, MSD, 95%HD and aRVD.

Author Manuscript

To determine if over-fitting occurred while training, we also conducted 10 5-fold crossvalidation experiments. Mean DSC was evaluated. The standard deviation, 10th percentile,
90th percentile, and median of mean DSC metrics were 0.010, 0.844, 0.867, and 0.861,
respectively. The standard deviation was much smaller than the difference between 10th and
90th percentile metrics. This demonstrates that our performance on different validation
datasets with different training datasets is robust, Thus, our proposed algorithm was not
affected by overfitting.

Author Manuscript

Deep learning-based approaches have achieved a resounding success among MR prostate
segmentation methods, and different strategies have been introduced into a wide variety of
networks. Jia et al. described a coarse-to-fine approach for prostate segmentation employing
a registration-based coarse segmentation followed by an ensemble of deep convolutional
neural networks (DCNNs) based fine segmentation.49 This method was evaluated on the
PROMISE12 dataset, reporting a mean and standard deviation for DSC (0.88 ± 0.05) and
95% HD (9.50 ±5.11). Our segmentation achieved a slightly better DSC accuracy compared
to other methods used for this public dataset (Table 4). The ensemble DCNNs achieved
better performance in terms of 95% HD, which can likely be ascribed to the presence of the
pre-processing, and the atlas registration obtaining the potential boundary region and the
subsequent ensemble DCNNs involving 4 individual weak classifiers. Liu et al. designed a
new convolutional network using densely dilated spatial pooling (DDSP) for MR prostate
segmentation.50 The performance on the PROMISE12 dataset with different dilation and
global pooling rates were reported with best mean DSC of 0.87, which was based on dense
dilated spatial pooling block. We achieved a mean DSC of 0.88 using the same dataset,
which is 1% higher than Liu’s approach. The difference may be attributed to the addition to
variable dilated convolutional layers, and the used of different loss functions. Mun et al.
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proposed a baseline convolutional neural network (BCNN) for prostate segmentation with
different objective functions and a 10-fold cross validation method was adopted to evaluate
the performance in terms of DSC.45 Compared with six different loss functions, the cosine
similarity based method provided best results with DSC of 0.85. However, our method using
the same loss function yielded a better performance with DSC of 0.87. This is primarily due
to the deeply supervised mechanism and dilated convolution for extracting the contextual
information, especially at apex and base parts on a prostate MR image.

Author Manuscript

However, our presented method has several limitations. First, according to Wang et al.,47 the
use of group dilated convolution for feature maps represents a trade-off between efficiency
and accuracy at the expense of computational complexity. Additionally, high memory
consumption is needed for a whole volume input, which can influence computational
efficiency. Lastly, the linear smoothing method for refinement cannot couple adjacent nodes,
which favors the assignments with same label to spatially proximal voxels. In addition, since
our algorithm is based on supervised learning, the accuracy of the ground truth contours
used in the training stage has a fundamental impact on the outcomes of our proposed
algorithm. These manual contours may have systematic errors and random errors. Our
proposed method may mitigate random errors. However, the systematic errors (e.g.
physician’s contouring style) will affect our final segmented results, but this would be
expected to be a limitation to all learning-based methods. For example, in Figure 12, the
manual contour has been delineated with random errors on the center slice, as seen by the
left posterolateral surface protuberance. However, this abnormal delineation was
successfully smoothed by our proposed method, (far right column).

Author Manuscript

Recent transfer learning studies demonstrate the VGG-19’s and ResNeXt-101’s great
performance on medical image processing and analysis.51 By incorporating the fine-tuning,
the pre-training networks from previous dataset such as ImageNet can be adapted to
represent the deep anatomic information of the medical image. Inspired by previous transfer
learning studies, using pre-trained network for MRI prostate segmentation will be our future
study. Furthermore, we want to modify our 3D DSD-FCN to perform prostate segmentations
in other imaging modalities such as CT, CBCT and ultrasound images.

5.

CONCLUSIONS

Author Manuscript

In this paper, we introduced a deeply supervised mechanism and group dilated convolution
into an end-to-end FCN for MR prostate segmentation. Using explicit branched dense
prediction as a deep supervision, more discriminative features provided a distinct
convergence acceleration when training the 3D DSD-FCN. The group dilated convolution
extracts more global contextual information, demonstrating an obvious advantage over
traditional deep-learning based methods. The combined loss function brought about better
performance in terms of DSC, MSD, and aRVD for MR prostate segmentation tasks.
Experimental results showed our proposed approach improves segmentation accuracy and
achieves superior performance over several state-of-the-art algorithms. Our segmentation
technique is clinically feasible and could be a useful tool for treatment planning with imageguided radiotherapy, for which precise and accurate localization of the prostate gland is
crucial.
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Fig. 1.

Example of obvious inter- and intra-patient variations of the prostate as seen on MR images.
(a) The 2D central slices in 6 different patients (first row: case 8, case 47, case 31. third row:
case 2, case 5, case 35) and their corresponding 3D visualization show substantial variation
in terms of size, shape and appearance of the glands. (b) representative images from case 16
show obvious difference at apex (left column), central (middle column) and base (right
column) regions of the prostate MR images.
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Fig. 2.

Summary of the most frequently used methods of MR prostate segmentation and our
proposed method.
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Fig. 3.

Schematic representation of our 3D DSD-FCN architecture with deep supervision
mechanism.
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Illustration of dilated convolution with 3×3 kernel size. (a) convolution with a dilation rate r
= 1. (b) convolution with a dilation rate r = 2. (c) convolution with a dilation rate r = 3.
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Fig. 5.

Illustration of group dilated convolutional layer. (a) short skip connection with summation.
(b) short skip connection with concatenation. (c) short skip connection with sequence.
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Fig. 6.

The parameter selection of beta
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Fig. 7.

Comparison of our 3D DS-FCN and the 3D FCN without the deeply supervised mechanism.
(a) shows the training and validation losses and (b) shows DSC curves of the compared
networks.
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Fig. 8.
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Comparison of the probability maps between the 3D FCN and our 3D DS-FCN in each
stage. (a1)-(a6) shows the prostate base, center and apex regions on MR volumes in
transverse and their corresponding ground truth. (b1)-(b6) show the dense predicted
probability map of final stage generated by the 3D FCN (odd rows) and our 3D DS-FCN
(even rows) respectively. (c1)-(c6) show the dense predicted the probability map at highlevel resolution stage generated by the 3D FCN (odd rows) and our 3D DS-FCN (even rows)
respectively. (d1)-(d6) show the dense predicted probability map at the mid-level resolution
stage generated by the 3D FCN (odd rows) and our 3D DS-FCN (even rows) respectively.
(e1)-(e6) show the dense predicted probability map at the low-level resolution stage
generated by the 3D FCN (odd rows) and our 3D DS-FCN (even rows) respectively.

Med Phys. Author manuscript; available in PMC 2020 April 01.

Wang et al.

Page 25

Author Manuscript
Fig. 9.
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Voxel sample distribution in probability maps using the 3D FCN and our 3D DS-FCN. (a)
shows a MRI with samples (teal circle and magenta cross marks were selected from nonprostate and prostate tissues) and (b) the corresponding prostate. (c)-(f) visualize the PCAprojected voxel sample in distributions at the final, high-, middle- and low-resolution stages
of a probability map of the 3D FCN. (g)-(j) visualize the PCA-projected voxel sample in
distributions at the final, high, middle and low-resolution stages using our 3D DS-FCN.
FPC, SPC and TPC represent the 1st, 2nd and 3rd component respectively.
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Fig. 10.

Segmentation comparison between the 3D FCN and our 3D DS-FCN, (a) and (b) show the
segmented prostate at different transverse levels, base (left), center (middle) and apex (right)
of two cases respectively. The red, yellow and green contours indicate the ground truth, the
segmentation results of the 3D FCN and our 3D DS-FCN, respectively.
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Fig. 11.

Segmentation comparison between the 3D DS-FCN and the 3D DSD-FCN. Each row
represents different transverse levels, being apex (top), center (middle) and base (bottom)
and their corresponding segmentation results. Results by methods, from the second column,
left to right: manually segmented prostate, the segmented prostate using 3D DS-FCN, 3D
DSD-FCN (sequence), 3D DSD-FCN (summation), and 3D DSD-FCN (concatenation).
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Fig. 12.

Typical prostate segmentation results (case 27) produced by 3D U-net (3rd column), V-net
(4th column) and 3D DSD-FCN (5th column), compared with ground truth (2nd column).
Each row shows transverse slices from the prostate apex, center and base on MR images
with ground truth (red contours).
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Fig. 13.

Typical prostate segmentation results (case 22) produced by 3D U-net (3rd column), V-net
(4th column) and 3D DSD-FCN (5th column) are compared with ground truth (2nd column).
Each row shows transverse slices from the prostate apex, center and base on MR images
with ground truth (red contours).
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Fig. 14.

Comparison of segmentation results (MR with endorectal coil). The first column shows in
transverse the prostate apex, center and base on MR images with ground truth (red
contours). Left to right, from second column, shows the corresponding ground truth and
segmentation results using 3D U-net, V-net and 3D DSD-FCN respectively.
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Fig. 15.

Comparison of segmentation results (MR with endorectal coil). The first column shows in
transverse the prostate apex, center and base on MR images with ground truth (red
contours). Left to right, from the second column, are the corresponding ground truth and
segmentation results using 3D U-net, V-net and 3D DSD-FCN respectively.
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Fig. 16.

Comparison of segmentation results (MR without endorectal coil). The first column shows
in transverse the prostate apex, center and base on MR images with ground truth (red
contours). Left to right, from the second column are the corresponding ground truth and
segmentation results using 3D U-net, V-net and 3D DSD-FCN respectively.
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Fig. 17.

Comparison of segmentation results (MR without endorectal coil). The first column shows
in transverse the prostate apex, center and base on MR images with ground truth (red
contours). Left to right, from the second column are the corresponding ground truth and
segmentation results using 3D U-net, V-net and 3D DSD-FCN respectively.
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Fig. 18.

Inter- and intra-observer reliability of the manual contours on DSC (a) and MSD (b).
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Fig. 19.

Comparison between our segmentation results and different manual contours.
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Quantitative comparison of the DS-FCN and 3D DSD-FCN methods.
Proposed Method

DSC

MSD

95%HD

aRVD

3D DS-FCN

0.842±0.040

2.071±0.507

8.719±2.239

13.186±9.932

3D DSD-FCN (sequence)

0.844±0.045

2.120±0.586

8.353±2.364

12.418±9.285

3D DSD-FCN (summation)

0.845±0.039

1.948±0.493

8.420±2.081

11.849±9.101

3D DSD-FCN (concatenation)

0.847±0.036

1.857±0.432

8.022±2.480

12.236±8.667
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Quantitative comparison of the 3D DSD-FCN with different loss functions
Loss Function

DSC

MSD

95%HD

aRVD

Dice Coefficient Loss

0.847±0.036

1.857±0.432

8.022±2.480

12.236±8.667

Cosine Similarity Loss

0.849±0.040

2.133±0.560

8.685±2.544

12.096±9.401

Cross-entropy Loss

0.844±0.039

2.002±0.491

8.431±2.721

13.130±10.469

Dice + Cross-entropy Loss

0.850±0.038

1.816±0.477

8.013±2.629

11.334±9.623

Cosine + Cross-entropy Loss

0.851±0.036

1.798±0.445

7.933±2.226

11.362±9.336
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Quantitative comparison for segmentation obtained by different algorithms
Loss Function

DSC

MSD

95%HD

aRVD

3D U-net

0.836±0.042

2.036±0.524

8.734±3.124

16.141±11.957

V-net

0.838±0.043

2.029±0.505

8.597±3.413

16.468±12.026

3D DSD-FCN (combined loss)

0.855±0.039

1.786±0.459

7.980±2.907

15.652±10.823

p-value
(3D DSD-FCN vs 3D U-Net)

0.023

0.034

0.309

0.673

p-value
(3D DSD-FCN vs V-Net)

0.018

0.033

0.386

0.451
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Table 4.

Author Manuscript

Mean and standard deviation of DSC, MSD, 95% HD and aRVD between ground truth and automatic
segmentation results using our method compared to other methods with the PROMISE12 dataset. The best
performance is shown in bold.
Method

DSC

MSD

95%HD

aRVD

3D U-net

0.861±0.036

1.614±0.747

10.078±5.336

11.289±6.673

V-net

0.865±0.034

1.398±0.678

9.922±5.284

10.698±7.659

3D DSD-FCN (combined loss)

0.881±0.047

1.015±0.346

9.496±5.105

8.927±7.559

p-value
(3D DSD-FCN vs 3D U-Net)

0.015

<0.001

0.579

0.101

p-value
(3D DSD-FCN vs V-Net)

0.049

<0.001

0.682

0.247
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