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The goal of this work was to develop a method for accurate and robust automatic segmentation of the
prostate clinical target volume in transrectal ultrasound (TRUS) images for brachytherapy. These images
can be difficult to segment because of weak or insufficient landmarks or strong artifacts. We devise a
method, based on convolutional neural networks (CNNs), that produces accurate segmentations on easy
and difficult images alike. We propose two strategies to achieve improved segmentation accuracy on diffi-
cult images. First, for CNN training we adopt an adaptive sampling strategy, whereby the training process
is encouraged to pay more attention to images that are difficult to segment. Secondly, we train a CNN
ensemble and use the disagreement among this ensemble to identify uncertain segmentations and to
estimate a segmentation uncertainty map. We improve uncertain segmentations by utilizing the prior
shape information in the form of a statistical shape model. Our method achieves Hausdorff distance of
2.7+2.3 mm and Dice score of 93.9 4+ 3.5%. Comparisons with several competing methods show that our
method achieves significantly better results and reduces the likelihood of committing large segmentation
errors. Furthermore, our experiments show that our approach to estimating segmentation uncertainty is
better than or on par with recent methods for estimation of prediction uncertainty in deep learning mod-
els. Our study demonstrates that estimation of model uncertainty and use of prior shape information can
significantly improve the performance of CNN-based medical image segmentation methods, especially on
difficult images.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

tive treatment option for localized prostate cancer (Morris et al.,
2013).

1.1. Motivation and background

Prostate cancer is the second most diagnosed and sixth
deadliest cancer among men world-wide (Jemal et al, 2011).
There exist a wide range of prostate cancer management and
treatment options including active surveillance, radiation ther-
apy, chemotherapy, hormone therapy, and radical prostatectomy.
Prostate brachytherapy is a form of radiation therapy, wherein
a number of small radioactive seeds are implanted inside the
prostate gland, with the goal of treating the entire prostate gland,
regardless of where the tumor is. Due to its targeted nature,
brachytherapy is expected to reduce the exposure of the healthy
tissue to harmful radiation. Therefore, it is known as an effec-
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Prior to the placement of brachytherapy seeds, the shape and
size of the prostate gland is determined using trans-rectal ultra-
sound (TRUS) imaging. The acquired images usually consist of a se-
ries of 7 to 14 2D ultrasound images that cover the entire prostate
gland from the base to the apex. A clinical target volume (CTV),
which closely follows the prostate boundary, is delineated on these
images (Salembier et al., 2007). This CTV is slightly dilated by
an expert radiation oncologist to form a planning target volume
(PTV), which is used to decide on the desired distribution of the
brachytherapy seeds (Sylvester et al., 2009). Accurate delineation
of CTV is critically important because it will help ensure maximum
radiation is delivered to the desired locations while minimizing
the radiation exposure of the healthy tissue and the surrounding
anatomy.

Accurate segmentation of the CTV is a very challenging task be-
cause image landmarks are often weak or non-existent, especially
at the prostate base and apex. Moreover, strong speckle noise and
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various types of artifacts such as micro-calcifications, ultrasound
shadowing, and reverberation can be present. Therefore, manual
segmentation is tedious and prone to high inter-observer variabil-
ity.

Automatic segmentation methods can potentially improve the
speed and reproducibility of segmentation. Furthermore, if they are
fast enough to perform the segmentation in real time, they can be
used to segment the CTV during the seed implantation. This can
help account for the changes in prostate shape caused by patient
positioning, bladder and rectum filling, and deformations due to
the force exerted by the TRUS probe. Such intra-operative adjust-
ments in the seed placement will allow for delivery of the pre-
scribed radiation dose to the CTV (Nag et al., 2000).

1.2. Related works

Many semi-automatic and fully-automatic algorithms have been
proposed for segmentation of the prostate or the CTV in ultrasound
images. In general, compared with other imaging modalities such
as magnetic resonance imaging (MRI) and computed tomography
(CT), there has been a greater reliance on prior knowledge in the
form of shape and appearance models for segmentation of prostate
in ultrasound images (Ghose et al., 2012; Mozaffari and Lee, 2016;
Noble and Boukerroui, 2006). This is because the intrinsic image
features in ultrasound images are often insufficient for accurate lo-
calization and delineation of the prostate boundary. Several stud-
ies have proposed methods based on deformable shape models for
prostate segmentation in TRUS. These include level-set methods
(Li et al, 2016; Kachouie et al., 2006) as well as methods based
on active contour models (Jendoubi et al., 2004; Zaim and Jankun,
2007) and active shape models (Betrouni et al., 2005; Hodge et al.,
2006). One study suggested adaptively refining the shape model
during segmentation for each patient in order to take into account
the inter-patient variability in the prostate shape (Yan et al., 2011).
These methods are driven by energy functions that depend primar-
ily on the object edge information, which can be problematic for
prostate segmentation in TRUS due to the lack of strong edges and
presence of artifacts. Therefore, these methods often require elabo-
rate image pre-processing steps to detect and amplify the prostate
boundary. Furthermore, most of these methods also rely on a good
initialization, and hence need input from a human expert.

A number of studies have exploited the relatively low vari-
ability in the prostate shape to suggest segmentation methods
that fit a particular parametric shape to the image intensity data.
Ellipses, ellipsoids, and super-ellipsoids are the most commonly
used shapes (Saroul et al, 2008; Mahdavi et al., 2011). These
methods typically require that several control points be manu-
ally specified to initialize or anchor the shape to be fitted. There-
fore, these methods are not fully automatic. Moreover, to achieve
high segmentation accuracy, many of these methods rely on post-
processing of the segmentation obtained with shape fitting.

Another class of methods includes those based on machine
learning. Methods that rely on shape statistics learned from the
training data can be considered as machine learning methods (Qiu
et al., 2015; Yang and Fei, 2012). Some studies combine statistical
shape models with various machine learning techniques such as
random forests, probabilistic models, and dictionary learning, for
segmentation (Ghose et al., 2013; Nouranian et al., 2015; 2016).
More recently, deep learning methods and in particular convolu-
tional neural networks (CNNs) have been successfully applied for
segmentation of prostate or CTV in TRUS images (Anas et al., 2017;
Wang et al.,, 2018; Zeng et al., 2018; Gibson et al., 2018; Ghavami
et al., 2018).

From the above review, most of the existing methods have one
of several shortcomings. Many of them require careful initializa-
tion, usually by a human expert. Also, most of these methods are

too slow for real-time segmentation. Moreover, although some of
the published methods have reported good average segmentation
performance in terms of such criteria as the Dice Similarity Coef-
ficient (DSC), worst-case performance measures such as the Haus-
dorff Distance (HD) are either not reported or display large vari-
ances. This is because, as shown in the examples in Fig. 1, some
TRUS images can be particularly difficult to segment due to weak
prostate edges and strong artifacts. Such images also pose a chal-
lenge for deep learning-based methods that are among the best
methods for medical image segmentation and the focus of the
present study. Because deep learning models have a high repre-
sentational capacity and are trained using stochastic gradient de-
scent with a uniform sampling of the training data, their training
is easily dominated by the more typical samples in the training
set, leading to poor generalization on more challenging but less-
represented cases.

1.3. Prediction uncertainty in deep learning models

One of the unique aspects of our methods proposed in this pa-
per compared with previous studies on automatic CTV or prostate
segmentation in TRUS is our attention to segmentation uncer-
tainty. This is an important consideration because, as we men-
tioned above, the range of useful landmarks varies greatly among
different TRUS images. Even within the same image, different parts
of the image may be quite different in terms of the presence of
genuine landmarks and artifacts or noise. Hence, understanding
where the segmentations are more reliable can be quite useful. In
this section, we review the recent studies on estimating the pre-
diction uncertainty in deep learning models for computer vision.

Certainty has been a long-standing concern in computer vision
(Blake et al., 1993; Barra and Boire, 2001). In this regard, deep
learning-based methods, which have achieved record-breaking per-
formance in many computer vision applications, have received par-
ticular attention (Kendall and Gal, 2017; Kendall and Cipolla, 2016;
Lakshminarayanan et al., 2017; Pawlowski et al., 2017). Studies
have shown that, unlike older neural network models with a small
number of layers, deep neural networks with tens of layers are
poorly calibrated (Guo et al., 2017). Here, a classifier is said to have
a calibrated confidence if the probability that it assigns to the pre-
dicted class reflects its likelihood of being correct. For a perfectly-
calibrated classifier, P(Vpredicted = Ytrue|p = p) = p, where p is the
probability of predicting the correct class. It has been shown that
deep learning models produce highly over-confident predictions
(Guo et al., 2017).

This is a very important topic as deep learning models are em-
ployed in a growing range of applications. Predicting the wrong
class with high confidence has already led to disastrous conse-
quences in some real-world applications of deep learning models
(Kendall and Gal, 2017; Guo et al, 2017). If the model is well-
calibrated, on the other hand, the likelihood of such disasters can
be reduced by identifying uncertain predictions and asking another
model or a human to intervene. In medical applications where the
health of patients is at stake, an estimate of the reliability of the
predictions generated by a computerized method can be extremely
useful. Moreover, modeling the prediction uncertainty may also
lead to more accurate models (Kendall and Gal, 2017).

Empirically, it has been shown that increasing the model size
(depth and width) and batch normalization worsen the mis-
calibration of deep neural networks, whereas weight decay alle-
viates it Guo et al. (2017). It has also been shown that the choice
of the loss function used for training a deep learning model has
an impact on the calibration of its predictions (Guo et al., 2017;
Lakshminarayanan et al., 2017). However, a deeper understanding
of the nature of this problem is more difficult. Early efforts to un-
derstand uncertainties of neural networks were based on Bayesian
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Fig. 1. The left image is an example of a 2D TRUS image with strong prostate boundaries. The other two images show examples with weak or incomplete edge information.

methods (Neal, 2012; Gal, 2016). Although Bayesian models are
easy to formulate, they require substantial modifications to stan-
dard neural network models and training procedures and can
be computationally prohibitive. Consequently, recent studies have
developed approximate Bayesian methods or non-Bayesian ap-
proaches to estimate model uncertainties. A good example of these
methods is the dropout variational inference (Gal and Ghahra-
mani, 2015). This method is based on training the model with
dropout regularization (Srivastava et al.,, 2014) and then apply-
ing dropout at test time to sample from the approximate poste-
rior. Building on this method, another study has suggested effec-
tive methods for estimating both epistemic and aleatoric uncer-
tainties (Kendall and Gal, 2017). Epistemic uncertainty, also known
as model uncertainty, is the uncertainty in the model, e.g., the un-
certainty in the weights of a neural network. This certainty can
be modeled by considering a distribution on the network weights.
Aleatoric uncertainty, on the other hand, is the uncertainty caused
by the noise in the observations. It is modeled via probability dis-
tributions on the model outputs. Whereas epistemic uncertainty is
reduced with more training data, aleatoric uncertainty is a function
of each individual data sample. In computer vision applications
with huge amounts of labeled training data, it has been shown
that modeling aleatoric uncertainty is very useful, but modeling
aleatoric uncertainty alone leads to models that are unable to iden-
tify novel data that are different from the training set (Kendall and
Gal, 2017).

To estimate the epistemic and aleatoric uncertainties for a clas-
sification problem, it has been proposed to consider a probability
distribution over the logits (Kendall and Gal, 2017). Specifically, for
an input x;, it is assumed that the logits are modeled as:

FW ~ N (S, (o)) (M

Where W denote the network weights. The class probabilities
are then obtained as p; = Softmax(j;). Both f and o are predicted
by the same neural network. What is interesting about this model
is that ground-truth uncertainty estimates are not needed for the
training data. An approximation of the expected log-likelihood is
obtained via Monte Carlo integration and sampling the logits’ dis-
tribution:

Ly =Y;logt >l exp (ﬁi,t,c —log3", eXPfi,t.c) )
where:  §; =Y +oVu,  u ~N(0,I)

In the above equation, T denotes the number of dropout masks
simulated. Then for an input x, the prediction uncertainty result-
ing from epistemic uncertainty in the model weights is obtained
through Monte Carlo dropout:

py=c

1< W
xXY)~ T ;Softmax(f ®) (3)
where W; is the model weight matrices sampled from the dropout
distribution. The prediction uncertainty can then be estimated as
the entropy of p, i.e., H(p) = Y. pclog(pc) Kendall and Gal (2017).

Another suggested method for estimating the prediction uncer-
tainty of deep learning models is a post-processing method based
on Platt scaling (Guo et al., 2017). In this method, after the main
model training is completed, a simple model, p; = o (af; +b), is
trained to map the model logits to probabilities. Here, a and b are
scaling parameters and o is the sigmoid function. In order to ob-
tain a well-calibrated model, a and b are learned by optimizing
the negative log-likelihood on a separate validation set. Further-
more, a recent study proposed a methodology for estimating pre-
diction uncertainty that consisted of using a proper scoring rule,
training on adversarial examples, and using an ensemble of mod-
els (Lakshminarayanan et al., 2017). The idea of using a model en-
semble in that paper is similar to our approach. However, that
work used the negative log-likelihood (NLL) for uncertainty esti-
mation and a simple random shuffling of the training data. By con-
trast, we propose a completely different formulation based on the
Kohavi-Wolpert variance (Kohavi et al., 1996) for estimating uncer-
tainty and a more sophisticated and novel approach for sampling
the training data.

In this work, we are interested in estimating the uncertainty
in the segmentation of the CTV in TRUS images. For this, we pro-
pose our own method, which is based on the disagreement among
an ensemble of CNNs trained on different subsets of the training
data. We explain our method in Section 2. For a comparison with
the existing methods, we compare our method with the methods
proposed by Kendall and Gal (2017) and Guo et al. (2017), which
we will refer to as Epistemic-Aleatoric method and Platt scaling
method, respectively.

1.4. Contributions of this study

Existing methods for segmentation of the prostate/CTV in TRUS
images, reviewed in Section 1.2, do not offer a way of identifying
images that are difficult to segment and they treat all images in
the same way. In this paper, we propose a method for segmenta-
tion of the CTV in 2D TRUS images that aims at achieving accu-
rate segmentation on easy as well as difficult images while at the
same time reducing large segmentation errors. We achieve this by
a combination of techniques to identify and pay more attention to
difficult images during training, identify difficult images in the test
set by estimating the segmentation uncertainty, and by using the
prior shape information to improve the uncertain segmentations.
There are three main novel aspects to the segmentation method
proposed in this work.

1. We propose a new CNN architecture for prostate CTV seg-
mentation in TRUS images. Our proposed architecture com-
putes multi-scale features directly from the input image.
These features are merged to predict the CTV segmentation.
This architecture improves the segmentation accuracy com-
pared with standard architectures.

2. We propose a method for adaptive sampling of the training
images in order to drive the trained model towards achiev-
ing more accurate segmentations on difficult images. To this
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end, we first learn similarities among all training images
based on features learned by a Convolutional Auto-Encoder
(CAE). Then, during CNN training with a cross-validation ap-
proach, we preferentially sample those training images that
are more similar to difficult images in a validation set.

3. We estimate the uncertainty of segmentation predictions
and use the prior knowledge regarding the expected shape
of the CTV to improve uncertain segmentations. In order to
estimate the segmentation uncertainty, we train an ensem-
ble of segmentation models and propose to estimate a seg-
mentation uncertainty map based on the degree of disagree-
ment among these models. We propose a novel method to
improve uncertain segmentations based on the estimated
uncertainty map and the expected shape.

The initial results of this work were presented as a conference
paper (Karimi et al., 2018). The current manuscript extends that
conference paper in several ways.

1. We include more review of the literature to place our work
within the context of existing methods. We present our
methods in detail and a set of comprehensive results that
could not be included in our conference paper because of
the page limit.

2. We review recent studies on estimating the prediction un-
certainty in deep neural networks. We compare our pro-
posed method for estimating the segmentation uncertainty
with two recent methods mentioned above.

3. We present a comprehensive comparison of our methods
with existing techniques. In the initial paper we compared
our CNN architecture with U-net, which was a general-
purpose architecture. Here, we also compare with a more
recent architecture based on deep attentional features that
has been proposed specifically for prostate segmentation
in ultrasound images (Wang et al., 2018). Furthermore, we
compare our proposed SSM-based method for improving
uncertain segmentations with Simultaneous Truth and Per-
formance Level Estimation (STAPLE) (Warfield et al., 2004).

2. Materials and methods
2.1. Data

The data used in this work consisted of the B-mode axial TRUS
images of 675 brachytherapy patients. These images were acquired
prior to brachytherapy. From each patient, 7 to 14 2D TRUS im-
ages were acquired. Each image was 415 x 490 pixels in size, with
a pixel size of 0.15 x 0.15mm?. All images were collected using BK
Pro-Focus or BK Flex Focus machines with a BK biplane 8848 probe
(BK Medical, Herlev, Denmark).

A side-firing transrectal probe was used to collect the images at
axial intervals of 5 mm, covering the prostate gland from the base
to the apex. A semi-automatic method was used to segment the
CTV in each volume. This method has been described in detail in
Mahdavi et al. (2011). It takes advantage of both the expert knowl-
edge and prior shape information. The method is based on fitting a
tapered warped ellipsoid to the image. The method is initialized by
a human expert defining the locations of six key-points on a mid-
gland slice image. The segmentation pipeline involves un-warping
of the image to compensate for the effect of the TRUS probe,
mid-gland ellipse fitting, propagation of the mid-gland slice con-
tour to other slices, and finally ellipsoid fitting and image warping.
This method is used routinely in the brachytherapy workflow at
the Vancouver Cancer Centre. The segmentations produced by this
semi-automatic software are manually adjusted by an experienced
radiation oncologist to obtain the CTV, which we use as the gold
standard in this study. Experiments by Mahdavi et al. (2011) have

shown that the ranges of intra- and inter-observer variability in
whole-gland non-overlapping volume error for this task are ap-
proximately 4 — 6%. When using the semi-automatic software fol-
lowed by expert modifications, these variabilities are reduced to
approximately 3 — 3.5%. Furthermore, they showed that the seg-
mentation errors by this method are within the range of manual
intra-observer and inter-observer variabilities.

2.2. The proposed segmentation method

This section explains our proposed segmentation method. We
first describe our approach to identifying similar images in the
training set and our proposed CNN architecture. Then, we outline
our training strategy and explain our methods to detect and im-
prove highly uncertain segmentations.

2.2.1. Clustering of the training images

As we will explain below, our training strategy aims at achiev-
ing high accuracy on difficult images. To this end, we identify the
difficult images in a validation set and samples the training images
based on how likely they are to contribute to improving the seg-
mentation of those difficult images. Therefore, our proposed frame-
work will require a method to quantify image similarities. In this
work, we use the sparse subspace clustering (Elhamifar and Vi-
dal, 2013) for this purpose. As suggested by Ji et al. (2017), we
apply this method on features learned with a CAE. A schematic
depiction of the CAE architecture is shown in Fig. 2. The low-
dimensional image representation learned by the CAE is denoted
with zi, . This representation is mapped into the input to the de-
coder, denoted with zéec, using a fully-connected layer is repre-
sented with a matrix, I". To have a linear function, this layer does
not include a bias term and activation function. Sparse subspace
clustering is realized by assuming sparsity and zero diagonal on I"
(Elhamifar and Vidal, 2013):

Zgec = ZencI” diag(I') =0 (4)

In the above equation, Zepc and Zyo. are matrices that contain
Ziyc and Zi, for all training images as their columns. This formu-
lation will enforce that the representation of the it image, zgec,
be linearly approximated by a small number of those of other im-
ages in the training set. Even though the relation between Z,.. and
Zenc is linear, the clustering method is, in general, very complex
because zi,. is a highly non-linear representation of the image.

To improve the training speed and stability, we first train a
standard CAE, i.e., with ' =1. We train this standard CAE using
the standard CAE cost function, which is the reconstruction error
X —X 2. Here X and X are matrices that contain, respectively, the
input images and the reconstructed images. After training the stan-
dard CAE, we introduce I" to obtain our full model. We train this
model using a cost function that consists of the reconstruction er-
ror term and terms for sparse subspace clustering, as shown be-
low:

minimize ||X _X”§ + )‘1 ”Zenc - ZencFH% + )\ZHFHI
such that diag(I") =0

Therefore, in this stage the low-dimensional representations of
the images and their similarities are learned jointly. We empiri-
cally chose A; = A, = 0.1. For both training stages, we trained the
network for 100 epochs using Adam (Kingma and Ba, 2014) with
a learning rate of 10-3. After training, an affinity matrix can be
created as C = |T'| + |I'T|, where ((i, j) indicates the similarity be-
tween the it" and j™ images. Here, |.| denotes element-wise abso-
lute value; that is, |I'| indicates a matrix whose elements are abso-
lute values of the elements of I'. Spectral clustering methods can
be used to cluster the training images based on C, but we will use
C directly as we explain in Section 2.2.3.

such that:

(5)
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2.2.2. Proposed CNN architecture

Our CNN is shown in Fig. 3. Overall, its architecture is similar
to the U-Net, proposed by Ronneberger et al. (2015)). However,
we modify the U-Net architecture for this specific application
in three ways: 1) Whereas U-Net uses the same filter sizes,
we apply convolutional filters of different sizes (ke{3, 5, 7, 9,
11}) and corresponding strides (se{1, 2, 3, 4, 5}) to the input
image. This will help extract fine and coarse features directly
from the source image. Moreover, small patches of ultrasound
images are overwhelmed by speckle and contain little edge in-
formation. Hence, larger filters should help the network learn
more informative features at different scales, 2) The finer fea-
tures are forwarded to all coarser layers after being resized via
convolutional kernels of proper sizes and strides. As promoted
by the Dense-Net architecture, this improves feature reuse and
reduces the number of network parameters (Huang et al., 2017).
Therefore, the proposed network extracts features at several
different resolutions and fields-of-view. These features are then
combined via a series of transpose convolutions to arrive at the fi-
nal segmentation. 3) Unlike U-Net, all features are passed through
residual blocks. This will increase the feature richness ease the
training.

The final network layer is passed through a softmax layer to
output a segmentation probability map (in [0,1]). The network is
trained by maximizing the DSC between this probability map and
the ground-truth segmentation. For this, we used Adam with a

learning rate of 104 and performed 200 epochs. The training pro-
cess is explained in more detail below.

2.2.3. Training a CNN ensemble with adaptive sampling

The loss surface of deep neural networks are non-convex and
extremely complex. As a result, deep CNNs converge to a local crit-
ical point (Choromanska et al.,, 2015). When the training data is
small, the obtained solution of this optimization procedure can be
heavily influenced by the more prevalent training samples. An ef-
fective approach to reducing the sensitivity to local minima and
improving the generalization accuracy is to learn an ensemble of
models (Goodfellow et al., 2016). In this study, we trained K =5
CNN models using 5-fold cross validation. We denote the indices
of the training and validation images with Sy and S, respectively.
Let us also use e; to denote the “error” committed on the ith valida-
tion image by the CNN after the current training epoch. As shown
in Fig. 4, for the next epoch we sample the training images accord-
ing to their similarity to the difficult images in the validation set.
Specifically, we sample the j® training image with a probability
computed as follows:

p(j) =q(j)/%;q9() q(j) = Zies, C (i, je(d). (6)

At the beginning of training, we initialize p to a uniform distri-
bution. It is important to note that we have great freedom in the
choice of the error, e. For example, e does not have to be differ-
entiable. Because one of our aims is to reduce large segmentation

where
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Fig. 4. The proposed training loop with adaptive sampling of the training images.

errors on difficult images, we chose e to be the Hausdorff Distance
(HD). For two point sets, X and Y, HD is defined as:

HD(X,Y) = max(sup inf [|x — y||, supinf [|lx — y|). (7)
yeY xeX xeX yeY
In image segmentation, X and Y will be the boundaries of the
ground-truth and predicted segmentations, which consist of curves
in 2D and surfaces in 3D. Although HD is an important measure of
segmentation quality, it cannot be easily minimized. Our proposed
approach provides an indirect way to reduce HD.

2.2.4. Improving uncertain segmentations using an SSM

As we will explain below, we can estimate the level of confi-
dence in the segmentations by examining the disagreement among
the models. We compute the average pair-wise DSC between the
segmentations produced by the five CNNs as a measure of agree-
ment among them. If this value is above the empirically-chosen
threshold of 0.95, we trust the CNN segmentations because of the
high agreement. In such a case, we compute the average of the
probability maps produced by the CNN ensemble and threshold it
at 0.50 to obtain the final segmentation. An example of this situa-
tion is shown in the top row of Fig. 5.

If the estimated agreement is below 0.95, we classify the image
as one that is difficult to segment. This can happen for various rea-
sons. For example, an image can be out-of-distribution with regard
to the training set, or it can contain strong or unique artifacts. We
propose to improve the segmentation of such images by utilizing
the prior information in the form of an SSM. In our application,
there exist at least two ways of building an SSM. One way is to
use the gold-standard CTV segmentations of the training data. The
other way, given closeness of CTV and the prostate boundary, is to
use accurate segmentation of the prostate in an MRI dataset. We
experimented with both options in this work. The modes of shape
variation found from the two datasets were very similar. Also, the
final segmentation results of difficult TRUS images, which was the
focus of this work, were very close for both SSMs. In this paper, we
report the results obtained using the SSM from MRI. We built this
SSM from a set of 75 MR images with ground-truth prostate seg-
mentation provided by expert radiologists. From each slice of the
MR images, we extracted 100 equally-spaced points on the bound-
ary of the prostate. This was done by first computing the length
(L) of the boundary and then traversing the boundary from an ar-
bitrary starting point and placing a point when d*100/L exceeded
the next integer, where d is the traversed distance from the start
point. All boundary point sets were rigidly (i.e., translation, scale,
and rotation) registered to one reference point set. This was fol-
lowed by deformable registration of the reference point set to the
other point sets to determine the point correspondences. Finally,
PCA is used to compute the shape variation modes. We built three
separate SSMs for base, mid-gland, and apex. In deciding whether
an MRI slice belonged to base, mid-gland, or apex, we assumed
that each of these three sections accounted for one third of the
prostate length. We use u and V to denote, respectively, the mean
shape and the matrix with the n most important shape modes as

(@

Fig. 5. Top row: an “easy” image, (a) the five CNNs trained on different subsets of
the training data produce similar results, (b) the final segmentation produced by
thresholding the mean probability map. Bottom two rows: a “difficult” image, (c)
there is large disagreement between the five CNN segmentations, (d) the segmen-
tation uncertainty map with s;,;; (red) superimposed, (e) the final segmentation,
Simpr (blue), obtained using SSM fitting. The green contour shows the ground truth
segmentation.. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)

its columns. We chose n = 7 because the first 7 modes explained
more than 99% of the shape variance.

If the agreement among the CNN segmentations is below the
threshold, we use them to compute a rough initial segmentation
boundary as well as a map of segmentation uncertainty. The initial
segmentation boundary, denoted with s;,;;, is computed by thresh-
olding the average of the five probability maps, p, at 0.5. The seg-
mentation uncertainty map is computed as:

Q=1-p"-(1-p)? (8)
This formulation is based on the Kohavi-Wolpert variance
(Kohavi et al., 1996). Q is 0 where all models predict the same

class and increases as the certainty in the average ensemble pre-
diction decreases. When all models predict class 0 or class 1
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(p=0 or 1, respectively) Q has its minimum value of 0. On the
other hand, when the average predicted probability is p=0.5,
which corresponds to the highest uncertainty in the average prob-
ability prediction, Q will have its maximum value of 0.50. The
Kohavi-Wolpert variance has been used to quantify the diversity
of classifier ensembles (Kuncheva and Whitaker, 2003). We pro-
pose to use it as a measure of classifier (dis)agreement and, hence,
(un)certainty.

Using the initial segmentation and the segmentation certainty
map, Si,i; and Q, computed as explained above, we estimate an im-
proved segmentation boundary, sy, as follows:

Simpr = Ro[s*(VW* +u)] +t*

where: {s*, t*, w*,0*} =

221’ piimprplinit(1 -Q) (9

Yi(Plp)? (1 = QD) + 325(Pi)* (1 — Q)
where t, s, and w denote, respectively, translation, scale, and the
coefficients of the shape model, Ry is the planar rotation matrix
with angle 6, and pj,; and pin, denote, respectively, the binary
segmentations representing the interior of siy;; and Siy,,. The in-
dex i in the above equation runs over image pixels. The expression
that we are maximizing is a modification of the DSC formulation
proposed by Milletari et al. (2016), where we take into account
the certainty of the initial segmentation. In other words, we fit an
SSM to the initial segmentation while attaching more importance
to parts of it that have higher certainty.

Since the objective function in Eq. 9 is non-convex, we use al-
ternating minimization to find a stationary point (Cootes et al.,
1995). We initialize t to the centroid of the initial segmentation,
s to 1, and w and 6 to zeros and perform alternating minimiza-
tion until the objective function reduces by less than 1% in an it-
eration. Approximately 3 to 5 iterations sufficed to converge to a
good result. An example is shown in Fig. 5(c)-(e). More results will
be shown in the next section.

Our proposed method for improving the uncertain segmenta-
tions using a shape model (Egs. (8) and (9)) are slightly different
than those in our conference paper (Karimi et al., 2018). Although
it is based on the same ideas, this new formulation leads to slightly
better results. Moreover, it allows us to compare our method of es-
timating segmentation uncertainty with other methods in an unbi-
ased manner.

Our approach to estimating the segmentation uncertainty is
based on the disagreement among an ensemble of CNNs trained
on different subsets of the training data. We compare our approach
with Epistemic-Aleatoric and Platt scaling methods. We apply both
Epistemic-Aleatoric and Platt scaling methods on the same CNN ar-
chitecture that we used with our proposed method (Fig. 3). For
Epistemic-Aleatoric method, the only modification to the network
is the addition of a separate head to predict o. As required by
this method, we train the model while using dropout regulariza-
tion (with p =0.20). The same dropout rate is used during test.
For the Platt scaling method, after training the CNN we learn the
parameters of the Platt scaling. Each of these methods, similar to
our proposed method, predicts a segmentation as well as an un-
certainty map. We compare these methods in two ways:

argmax
st,w,0

1. We compare the estimated segmentation uncertainty maps in
terms of the Expected Calibration Error (ECE) (Naeini et al.,
2015; Guo et al.,, 2017). ECE is computed as:

K
ECE:ZPHO,(—CH (10)
k=1
This method of computing the ECE is based on dividing the
probability range into K bins. P, denotes the empirical proba-
bility of instances falling into bin k. o, and e, denote, respec-
tively, the true fraction of positive instances and the average of

the predicted probability of the instances in that bin. Clearly, a
lower ECE indicates a better-calibrated model.

2. In terms of segmentation accuracy. For each method, we fit
our SSM to the predicted segmentation boundary and the seg-
mentation uncertainty map using the method described in
Section 2.2.4 and evaluate the segmentation accuracy.

3. Results and discussion

In the first part of this section, we compare our proposed
segmentation method with several other segmentation methods.
Then, in the second part of this section we will study some as-
pects of our proposed segmentation method, such as our estima-
tion of segmentation uncertainty, through comparisons with alter-
native approaches.

We compare our segmentation method with three existing
methods. The first of these is the adaptive shape model-based
method of Yan et al. (2011). This method is based on deformable
shape models. However, unlike most other methods that learn the
shape model from a set of training images prior to segmentation of
a test patient’s image, in this method the shape model is updated
adaptively during segmentation of the patient’s image. We refer to
this method as ADSM. We will also compare with two CNN-based
methods. The first is the widely-used U-Net architecture proposed
by Ronneberger et al. (2015). The second is a more elaborate net-
work proposed by Wang et al. (2018). We will refer to this method
as DAF because it relies on deep attentional features (DAF) to bet-
ter integrate multi-scale features so that genuine information that
is relevant for prostate segmentation is amplified while suppress-
ing noisy and irrelevant features.

For our proposed method, we report three sets of results in or-
der to assess the effects of different modules in our segmentation
pipeline on the segmentation accuracy: 1) Proposed-OneCNN: We
train only one CNN, 2) Proposed-Ensemble: We train five CNNs as
explained in Section 2.2.3; on a test image, the final segmenta-
tion is obtained by thresholding the average of the five probabil-
ity maps at 0.5, and 3) Proposed-Full: This represents our com-
plete segmentation method. It identifies and improves uncertain
segmentations produced by Proposed-Ensemble with the help of
the SSM as explained in Section 2.2.4.

As we mentioned above, our dataset consisted of TRUS images
of 675 patients. To make the best use of our data, we performed
five-fold cross-validation, each time training the model on images
from 540 patients and testing on the remaining 135 patients. In
this section, we use DSC and HD to quantify the segmentation per-
formance. We also report the 95th percentile of HD across the test
images as a measure of the worst-case performance on the popu-
lation of test images.

The results of this comparison have been summarized in
Table 1. Our method outperformed the other methods in terms
of DSC and HD. Paired t-tests (at p = 0.01) showed that both DSC
and HD obtained by our method, Proposed-Full, were significantly
better than the other three methods in all three prostate sections.
Our method also achieved much smaller values for the 95th per-
centile of HD. As expected, compared with ADSM that is based on
deformable models, our method and the other two deep learning-
based methods (U-Net and DAF) achieved better results in terms
of DSC. However, neither U-Net nor DAF achieved much better re-
sults than ADSM in terms of the measures of worst error, i.e., HD
and especially the 95th percentile of HD. This suggests that even
though CNN-based methods can achieve quite acceptable results
on typical images, on more difficult images their error can be sub-
stantial. Fig. 6 shows example segmentations produced by different
methods.

Table 2 shows the effectiveness of our proposed strate-
gies for improving the CNN segmentations. Compared with
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Table 1
Summary of the comparison of the proposed method with ADSM, U-Net, and DAF.

DSC HD (mm) 95th percentile
of HD (mm)
Mid-gland ADSM 87.8+5.9 3.6+2.1 8.0
U-NET 90.5+3.8 3.7+£23 7.4
DAF 92.1+3.8 35425 7.3
Proposed-Full 944+34 25+1.7 4.9
Base ADSM 85.0+7.1 49434 8.6
U-NET 89.6+4.0 3.84+3.0 8.5
DAF 91.4+43 3.9+238 8.8
Proposed-Full 93.0+£3.6 25425 52
Apex ADSM 84.3+8.0 48+3.2 9.0
U-NET 86.8+5.7 46+3.3 8.8
DAF 88.5+5.2 42429 8.0
Proposed-Full 91.0+4.9 3.1+1.8 55
Table 2

Performance of the proposed method at different stages. Different superscripts (*,
**,and ***) in DSC and HD columns indicate statistical difference at p = 0.01.

DSC HD (mm) 95th percentile of HD (mm)

Proposed-OneCNN
Proposed-Ensemble
Proposed-Full

91.9£4.6*
93.7+3.8*
93.943.5*

3.6+2.6* 8.8
32423 6.2
27+£23* 54

Proposed-OneCNN, Proposed-Ensemble and Proposed-Full achieve
much better results in terms of both DSC and HD. Our pro-
posed strategies for dealing with difficult images have greatly re-
duced the mean, standard deviation, and the 95th percentile of
HD. Paired t-tests (at p =.01) indicated that Proposed-Ensemble
achieved a significantly better DSC and HD than Proposed-OneCNN.

e U-Net

amme ADSM
e DAF

e ground truth
amme proposed method

Fig. 6. Example segmentations produced by different methods.

Table 3
Comparison of different approaches to segmentation uncertainty estimation in
terms of the accuracy of the final segmentation after SSM fitting.

DSC HD (mm) 95th percentile
of HD (mm)
Proposed method 93.9+3.5 2.7+23 5.4
Epistemic-Aleatoric method 93.1+3.6 3.0+2.1 5.4
Platt scaling method 91.2+4.0 3.1+£2.7 6.5
STAPLE 93.24+3.0 35+2.7 7.9

Similarly, on images that went through SSM fitting, Proposed-Full
significantly improved HD compared with Proposed-Ensemble.

For the proposed method, ECE was 0.0272 +0.010. For the
Epistemic-Aleatoric and Platt scaling methods, this value was
0.0260+0.010 and 0.0301 +£0.019, respectively. All three methods
demonstrate a very small ECE. This is because for most images
they can accurately and with high confidence identify the back-
ground and a large part of the foreground. Nonetheless, the Platt
method, which is the simplest of the three methods produces
more poorly-calibrated segmentation predictions. The Epistemic-
Aleatoric method estimates the prediction uncertainty slightly bet-
ter than our method based on ECE.

A more practically useful comparison of these uncertainty esti-
mation methods is their effect on the final segmentation. Table 3
shows a summary of the segmentation accuracy obtained by ap-
plying the SSM fitting to the initial segmentation and the uncer-
tainty maps produced by the three methods. In addition, we have
included the results of applying the STAPLE algorithm on the five
segmentations produced by the CNN ensemble in our method. In
Fig. 7, we have shown two example images with the results of
these algorithms.

Overall, the proposed method and the Epistemic-Aleatoric
method achieve comparable results, which are better than both
Platt scaling method and STAPLE. Often, the segmentation uncer-
tainty map produced by the proposed method and epistemic un-
certainty map produced by the Epistemic-Aleatoric method have
clear similarities, even though they are based on quite different
definitions of the uncertainty and are estimated using very differ-
ent methods. The segmentation uncertainty map estimated by Platt
scaling method, on the other hand, usually looks quite different
than those estimated by the proposed method and the Epistemic-
Aleatoric method. The aleatoric uncertainty map estimated by the
Epistemic-Aleatoric method looks quite uninformative and usually
has large values only near the image borders. It has been shown
that in computer vision applications, in general, epistemic and
aleatoric certainties are more relevant for small and large training
datasets, respectively (Kendall and Gal, 2017). Compared to typical
medical image analysis applications, the amount of training data
available in our study is large. Nonetheless, our results indicate
that the epistemic uncertainty is much more significant than the
aleatoric uncertainty. In fact, on average epistemic uncertainty was
an order of magnitude larger than aleatoric uncertainty. This indi-
cates that, at least in this specific application, and perhaps in CNN-
based medical image segmentation in general, the uncertainty due
to the small size of training data is more significant than that due
to observation noise.

The STAPLE algorithm, which analyzes the agreement level
among multiple segmentations without taking into account the ex-
pected shape variations, achieved high DSC but much poorer HD
than the proposed method. This observation, too, underscores the
importance of exploiting the prior shape information in this ap-
plication. As can be seen in the examples in Fig. 7, on some dif-
ficult test images all CNNs in the ensemble can commit the same
segmentation error, which will be impossible for an expectation-
maximization-based method to fix.
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(d)

e ground truth
= proposed method

(e)

U]
esms STAPLE

=mme Epistemic-Aleatoric

Fig. 7. Two example images comparing the results of different methods for estimating segmentation uncertainty. In each of the two figures: (a) the image along with the
final segmentation obtained with different methods, (b) the segmentation uncertainty map computed using the proposed method, (c) the same for Platt scaling method,
(d) and (e), respectively, the epistemic and aleatoric segmentation uncertainties estimated by Epistemic-Aleatoric method, and (f) the segmentation obtained with STAPLE
algorithm. In all images, the green curve shows the ground-truth and the red curve shows the computed segmentation. (For interpretation of the references to colour in this

figure legend, the reader is referred to the web version of this article.)

The results presented in this paper suffer from certain limita-
tions. All images used in this study were collected using ultrasound
machines and probe from a single manufacturer. Although we be-
lieve our methods should be applicable to other imaging systems,
some of the settings may need further tuning when applied on
images collected using different systems. As an example, we used
a threshold of 0.95 on the mean pair-wise DSC between the seg-
mentations produced by the CNNs to decide if the segmentation
was reliable. This value may not be a good setting for images that
look very different, and a better setting may be selected empiri-
cally based on the range of uncertainties in the new data.

Another limitation of this work was the accuracy of the ground-
truth segmentations used for developing our models and for test-
ing them. As we mentioned above, intra- and inter-observer vari-
ability for this task were evaluated by Mahdavi et al. (2011). One
of the criteria used in that evaluation was the “volume error”,

which is equal to 1-DSC. It was observed that the average intra-
and inter-observer variability in terms of volume error for man-
ual segmentation were 6.0% and 4.6%, respectively. When using the
semi-automatic software, these values were 3.5% and 3.0%, respec-
tively. These values correspond to DSC values in the range between
94.0 and 97.0. In comparison, the highest DSC values achieved in
this study were approximately between 93.0 and 94.0, which is
close to the range of intra- and inter-observer variability. Given
that the inter-observer variability creates an unavoidable error in
the ground-truth, we think that this comparison shows that the ac-
curacies achieved by our proposed method are reasonably accept-
able for clinical applications.

Both the CAE (Fig. 2) and the CNN (Fig. 3) were implemented in
TensorFlow. On an Nvidia GeForce GTX TITAN X GPU, the training
times for the CAE and each of the CNNs, respectively, were approx-
imately 24 and 12 hours. For a test image, each CNN produces a
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segmentation in 0.02 second. This indicates that the CTV of a pa-
tient on approximately 10 images can be computed in a fraction
of second. Therefore, our proposed method is well-suited for real-
time segmentation.

4. Conclusion

We proposed adaptive sampling of the training data, ensemble
learning, and use of prior shape information to improve the accu-
racy and robustness of prostate CTV segmentation in TRUS images
and to reduce the likelihood of committing large segmentation er-
rors. Compared to other traditional and CNN-based methods, our
method achieved significantly better results in terms of HD, which
measures largest segmentation error. Moreover, our method also
substantially reduced the maximum errors on the population of
test images. Our results show that even for TRUS images that are
noisier than many other medical imaging modalities, the aleatoric
uncertainty due to observation noise is far less significant than the
uncertainty caused by the small size of training data. Our results
further showed that effectively combining prior shape information
with segmentation uncertainty can lead to more accurate segmen-
tations than using a probabilistic framework such as STAPLE.

In this work, we used segmentation uncertainty maps to im-
prove the segmentation accuracy. Such uncertainty maps can have
other useful applications, such as in registration of TRUS to pre-
operative MRI and for radiation treatment planning. A shortcom-
ing of this work is with regard to our ground-truth segmenta-
tions, which have been provided by expert radiation oncologists on
TRUS images. These segmentations can be biased at the prostate
base and apex. A more accurate comparison with registered MRI
is, therefore, warranted.
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