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Semi-Automatic Segmentation of Prostate in CT
Images via Coupled Feature Representation and
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Spatial-Constrained Transductive Lasso

Yinghuan Shi, Yaozong Gao, Shu Liao, Daogiang Zhang, Yang Gao, and Dinggang Shen

Abstract—Conventional learning-based methods for segmenting prostate in CT images ignore the relations among the low-level
features by assuming all these features are independent. Also, their feature selection steps usually neglect the image appearance
changes in different local regions of CT images. To this end, we present a novel semi-automatic learning-based prostate segmentation
method in this article. For segmenting the prostate in a certain treatment image, the radiation oncologist will be first asked to take a few
seconds to manually specify the first and last slices of the prostate. Then, prostate is segmented with the following two steps:

(i) Estimation of 3D prostate-likelihood map to predict the likelihood of each voxel being prostate by employing the coupled feature
representation, and the proposed Spatial-COnstrained Transductive LassO (SCOTO); (ii) Multi-atlases based label fusion to generate
the final segmentation result by using the prostate shape information obtained from both planning and previous treatment images. The
major contribution of the proposed method mainly includes: (i) incorporating radiation oncologist’'s manual specification to aid
segmentation, (ii) adopting coupled features to relax previous assumption of feature independency for voxel representation, and

(iii) developing SCOTO for joint feature selection across different local regions. The experimental result shows that the proposed
method outperforms the state-of-the-art methods in a real-world prostate CT dataset, consisting of 24 patients with totally 330 images,
all of which were manually delineated by the radiation oncologist for performance evaluation. Moreover, our method is also clinically
feasible, since the segmentation performance can be improved by just requiring the radiation oncologist to spend only a few seconds
for manual specification of ending slices in the current treatment CT image.

Index Terms—Prostate segmentation, feature representation, feature selection, label fusion
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INTRODUCTION

T is estimated that prostate cancer possibly caused

233,000 new cases and 29,480 deaths for U.S. male in
2014, according to the data reported from National Cancer
Institute.! Prostate cancer is thus regarded as one of the
most leading reasons for cancer-caused death. Recently, CT
image guided radiotherapy for prostate cancer treatment
has raised lots of research interests, due to its ability in bet-
ter guiding the delivery of radiation to the prostate [26].

During the CT image guided radiotherapy, a sequence of
CT scans will be acquired from a patient in the planning

1. Prostate Cancer, report from National Cancer Institute. http://
www.cancer.gov/cancertopics/types/prostate
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and treatment days (typically from 20 to 40 days). A CT
scan acquired in the planning day is called the planning
image, and the scans acquired in the subsequent treatment
days are called the treatment images. Since the locations of
prostate might vary in CT scans across different treatment
days, the key issue is to accurately determine the boundary
of prostate in the images acquired from each treatment day,
which is currently often done by the radiation oncologist in
a slice-by-slice manner. However, this manual segmenta-
tion procedure is time-consuming, which normally takes
up to 20 minutes for each treatment image. Most impor-
tantly, manual segmentation results could be inconsistent
across different treatment days due to inter- and intra-
operator variability.

Previous studies [13], [11], [27] show that the major chal-
lenging issues to accurately segment prostate in the CT
images include: (i) the boundary between prostate region
and background (non-prostate) region is usually unclear
due to the low contrast in the CT images, e.g., Figs. 1a and
1b are the same CT prostate images without and with man-
ually delineated prostate boundary, respectively. (ii) The
locations of the prostate regions scanned from the same
patient at different treatment days are often different due to
the irregular and unpredictable prostate motion, e.g., in
Fig. 1c where the cyan and magenta contours denote the
manual segmentations of the two bone-aligned CT images
scanned from two different treatment days of the same
patient. We can observe the large prostate motion even after
aligning the two scans based on their bony structures. This
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Fig. 1. Challenges in prostate CT segmentation. (a, b) Low contrast in
CT image (without and with manual segmentation); (c) Large prostate
motion, (d) large shape change, relative to the bones, even after bone-
based alignment for the two CT images.

indicates the large prostate motion relative to the bones.
(iii) The prostate shape varies at different treatment days,
e.g., in Fig. 1d where the cyan and magenta contours denote
the manual segmentations at the same slice index of two
bone-aligned CT images from different treatment days of
the same patient, which indicates the large shape change.

In recent years, several prostate segmentation methods
[8], [13], [11], [27], [23], [16] have been developed for CT
image guided radiotherapy, with the common goal of seg-
menting prostate in the current treatment image by borrow-
ing the knowledge learned from the planning and previous
treatment images. In this article, we propose a novel semi-
automatic learning-based prostate segmentation method for
CT image guided radiotherapy. Previous learning-based
methods [23], [16], [36], [24] often conduct the feature selec-
tion and the subsequent prostate-likelihood estimation
jointly for all voxels in the image. However, different local
regions may prefer choosing different features to better dis-
criminate between their respective prostate and non-pros-
tate voxels, as indicated by a typical example shown in
Fig. 2. In this example, we extracted features for three differ-
ent local regions, and then apply Lasso (a supervised fea-
ture selection technique as introduced in [39]) for selection
of their respective features. From the results shown in
Fig. 2, we can see that the selected features from three local
regions are completely different, demonstrating the neces-
sity of selecting the respective features for each local region.
In this article, we design a novel local learning strategy: par-
tition each 2D slice into several non-overlapping local
blocks, and then select the respective local features to pre-
dict the prostate-likelihood for each local block. This will be

a 2-D slice from CT image
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Fig. 2. A typical example to illustrate that the three different local regions
prefer choosing different features. We adopt Lasso as feature selection
method, and the features include LBP, Haar wavelet, and HoG, which
will be discussed in the following section.
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Fig. 3. The major differences between the previous learning-based
methods and our proposed method. Our proposed method employs the
coupled feature representation, and adopts a local strategy for feature
selection and prostate-likelihood estimation.

achieved by our proposed Spatial-COnstrained Transduc-
tive LassO (SCOTO) and support vector regression (SVR),
respectively. Compared with the global learning strategy
[23], [16], [36], the local learning strategy can help preserve
the local information, which guides us to predict the more
accurate prostate boundary.

Also, previous methods [23], [16], [36] often assume all
the extracted features are independent during the prostate
segmentation. However, it is often believed that different
features extracted from both prostate and non-prostate
regions are actually not isolated, but connected with each
others in some way. Therefore, the independency assump-
tion for the features used in the previous studies might be
too strict. In this article, we consider to relax independency
assumption by introducing the coupled feature (CF) repre-
sentation as inspired by [42], [38]. The major difference
between the previous learning-based methods and our pro-
posed method can be observed from Fig. 3.

Note that, in our method, before automatic segmenta-
tion of prostate from the current treatment CT image,
radiation oncologist needs to spend a few seconds to spec-
ify the first and last slices of prostate in the CT image. By
spending this little manual time, the segmentation results
can be significantly improved, compared with the fully
automatic methods [23], [26]. The contributions of our
proposed method can be summarized into the following
three folds:

e A novel semi-automatic prostate segmentation
method in CT images is proposed. For segmenting
the current treatment image, the patient-specific
information is learned from previous planning and
treatment images. This information together with
radiation oncologist’s manual specification of two
ending slices are used for guiding the accurate seg-
mentation. It is excepted that the prostate segmenta-
tion performance can be further boosted by
incorporating manual specification as reference, thus
finally achieving better treatment.

e We first attempt to introduce the coupled feature
representation to the prostate segmentation, in
order to relax the feature independency assumption
as used in the previous studies. With the help of
coupled features, the original feature (OF) matrix
can be complemented by analyzing the intra- and
inter- coupled interactions. The experimental
results also validate the efficacy of coupled features,
compared with original features, for better feature
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representation by capturing the coupled interaction
information.

e A novel joint feature selection method, called
SCOTO, is proposed, which is theoretically formu-
lated as a joint convex optimization problem.
SCOTO can successfully select the discriminative
features jointly for different local regions (blocks) to
guide better prostate-likelihood estimation. Also, a
feasible iterative projected gradient descent based
strategy is utilized for solving SCOTO. Moreover,
we systematically compared SCOTO with several
state-of-the-art feature selection methods for prostate
segmentation.

A preliminary version of this work was presented in [37].
The preliminary version is extended in this work to
(1) employ the coupled feature representation aiming to
model both the intra- and inter- coupled interactions among
the original features, (2) mathematically prove the joint con-
vexity of the proposed SCOTO, which is the requirement of
employing the alternating optimization method. Also, we
substantially extend the experimental validation of the pro-
posed method, which includes (3) evaluating the efficacy of
coupled features, (4) evaluating the efficacy of the multi-
atlases based label fusion, (5) investigating the influence of
inaccurate manual specification, (6) analyzing the computa-
tional complexity of SCOTO, and (7) adding a discussion
section to fully investigate several related issues.

The rest of this article is organized as follows. In Section 2,
we briefly introduce the related works for prostate segmen-
tation developed in recent years. The framework and image
preprocessing of the proposed method are described in
Section 3 and Section 4, respectively. In Section 5, we intro-
duce the usage of coupled feature representation, and pro-
pose our new feature selection algorithm, SCOTO, for
prostate-likelihood estimation. In Section 6, the multi-atlases
based label fusion for final segmentation is discussed. Exper-
imental results and performance comparisons with the com-
peting methods are presented in Section 7. Several related
issues are also discussed in Section 8. Finally, we conclude
this article by summarizing the proposed method and also
discussing the obtained results in Section 9.

2 RELATED WORKS

The previous methods on prostate segmentation for CT
image guided radiotherapy can be roughly categorized into
three classes: deformable-model-based, registration-based,
and learning-based methods.

In deformable-model-based methods [8], [13], the
prostate shapes learned from the planning and previous
treatment images are first used to initialize the deform-
able model [35], and then specific optimization strategies
are developed to guide prostate segmentation. Chen
et al. [8] simultaneously segmented prostate and rectum
by imposing the anatomical constraints during the model
deformation procedure. Feng et al. [13] segmented the
prostate by using deformable model, which integrates
the gradient profile features and the probability distribu-
tion function features. The deformable-model-based
methods can combine the information from both prostate
shape and image appearance for guiding prostate
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segmentation. However, good performance largely
requires good quality of deformable model initialization.
In the case where large prostate motion happens, obtain-
ing a good initialization for deformable model becomes a
very challenging task.

In registration-based methods [9], [11], [26], [27], the
planning and previous treatment images are warped onto
the current treatment image, and then their respective seg-
mentation images are similarly warped and further com-
bined (by label fusion) to obtain the final segmentation of
the current treatment image. Chen et al. [9] designed a strat-
egy that aligns the planning image to treatment image by
mesh-less point set modeling and 3D non-rigid registration.
Davis et al. [11] segmented the prostate by combining large
deformation image registration with a bowel gas segmenta-
tion and deflation algorithm. Liao and Shen [26] proposed
to use anatomical feature selection and an online updating
mechanism to integrate both population and patient-spe-
cific information, in order to guide the accurate prostate reg-
istration. Also, Liao et al. [27] combined the patch-based
feature representation and hierarchical sparse label propa-
gation in order to automatically localize the prostate. Sev-
eral experimental results have demonstrated the robustness
and effectiveness of the registration-based methods for
prostate segmentation. However, the segmentation accu-
racy is limited in the case with inconsistent image appear-
ance changes in CT images [16].

The last class of methods, learning-based methods [23],
[36], [16], which attracted lots of interests recently, first use
the machine learning techniques to predict the prostate-like-
lihood map, and then segment the prostate in the estimated
prostate-likelihood map. In Li et al.’s method [23] and Gao
et al.’s [16], prostate segmentation is first formulated as a
prostate-likelihood estimation problem (AdaBoost [14] in
[23], sparse representation-based classification [44] in [16])
using visual features (e.g., histogram of oriented gradients
(HoG) [10] and auto-context features [41]), and then on the
obtained likelihood map, the off-the-shelf segmentation
techniques (e.g., levelset) are adopted to segment the pros-
tate. Shi et al. [36] presented a method by modeling the
prostate-likelihood estimation problem as a transductive
learning task. Our proposed method belongs to this class of
learning-based segmentation methods.

It is worth noting that, besides segmenting prostate from
CT images, other segmentation methods are also developed
for segmenting prostate from other imaging modalities
such as magnetic resonance (MR) [17], [21] and ultrasound
[47], [48] images. However, these methods cannot be
directly borrowed to segment prostate from CT images due
to the aforementioned challenges.

3 FRAMEWORK

As a learning-based segmentation method, our proposed
method mainly consists of two steps: (i) prostate-likelihood
estimation step and (ii) multi-atlases based label fusion step.

In the prostate-likelihood estimation step: firstly, all previous
and current treatment images are rigidly aligned to the
planning image of the same patient based on the pelvic
bone structures, for removing the whole-body patient
motion that is irrelevant to prostate segmentation. Then, we
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Fig. 4. The flowchart of the proposed prostate segmentation method.

extract the ROI regions according to the prostate center in
the planning image.

Secondly, for the current treatment image, radiation
oncologist is asked to specify the first and last slices of
the prostate. By combining the voxels in the specified sli-
ces of the current treatment image with the voxels sam-
pled from the planning and previous treatment images,
we can extract 2D low-level features (LBP [34], HoG [10],
and Haar wavelet [31]) for all these voxels separately
from their original CT images. Then, each 2D slice will be
partitioned into several non-overlapping blocks. The cou-
pled feature representation is employed to transform the
low-level original feature space into the coupled feature
space for each block, the proposed SCOTO is applied for
joint feature selection of all blocks upon the coupled fea-
ture representation, and SVR is further adopted to predict
the 2D prostate-likelihood map for all the voxels in the
current slice.

Finally, the predicted 2D prostate-likelihood map of each
individual slice will be merged into a 3D prostate-likelihood
map according to the order of their original slices.

In multi-atlases based label fusion step, to make full use of
prostate shape information, those manually segmented
prostate images in both planning and previous treatment
images of the same patient will be rigidly aligned to the esti-
mated 3D prostate-likelihood map of the current treatment
image. Then, majority voting will be applied to fuse the
labels from different aligned images, and obtain the final
segmentation result. The framework of the proposed
method is shown in Fig. 4.

4 IMAGE PREPROCESSING

Before discussing the details of the prostate-likelihood esti-
mation step and multi-atlases based label fusion step, we
will first introduce the notations used in the following parts,
and present the implementation details of the alignment,

ROI extraction, manual interaction, feature representation,
as well as strategy for sampling the training voxels.

For each patient, we have one planning image, several
previous treatment images with their respective manual
prostate segmentations by radiation oncologist offline, and
also the treatment image scanned in the current treatment
day, which needs to be segmented by the proposed method.
The planning image and its corresponding manual segmen-
tation result are denoted as I, and Gy, respectively. The nth
treatment image, which is the current treatment image, is
denoted as I,,. The previous treatment images and their cor-
responding manual segmentations are denoted as
Ii,...,I,yand Gy, ..., G,_y, respectively. Also, the final 3D
prostate-likelihood map and its segmentation result for the
current treatment image I, by adopting the proposed
method are denoted as M,, and S,,, respectively.

4.1 Alignment to the Planning Image

During the scanning process of CT image guided radiother-
apy at different treatment days, the whole-body rigid
motion is often inevitable, which is irrelevant to the prostate
motion. To eliminate the influence, we utilize the pelvic
bone structure based alignment, which has been already
validated in [26]. Detailed steps include: pelvic bone segmen-
tation, and rigid alignment. For pelvic bone segmentation,
since the pelvic bone structure of the same patient has only
the rigid motion during the CT image guided radiotherapy,
and also it has higher image intensity, which can be easily
distinguished from other surrounding anatomical struc-
tures, we adopt a thresholding technique to first segment
the pelvic bone structure as reference for the subsequent
alignment, which is similar to [11]. Specifically, rigid align-
ment algorithm implemented in FLIRT toolkit [20] is used
to perform rigid registration on the segmented pelvic bones.
That is, each treatment image (I;,...,I,) will be rigidly
aligned to the planning image (I,,) with respect to their seg-
mented pelvic bone structures.
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4.2 ROI Extraction

Since the prostates are normally located only in a small cen-
tral part of the CT images, the ROI extraction, aiming to
extract the central part by excluding the irrelevant and
redundant background voxels, is useful to alleviate the
computational burden and also important for improving
the final segmentation accuracy. For each patient, the mass
center of the prostate in the planning image I, is first calcu-
lated as the patient-specific prostate center, and then a 3D
region centered at the patient-specific center is extracted.
Specifically, in this article, the extracted ROI size is
140 x 140 x 60, which is large enough to cover the whole
prostate volume (i.e., the normal size of the prostate is usu-
ally from 30 x 40 x 30 mm? to 40 x 50 x 70 mm?).

4.3 Simple Manual Interaction

The proposed semi-automatic segmentation method
intends to borrow the manual interaction from the experi-
enced radiation oncologist to improve the segmentation
performance. Instead of asking radiation oncologist for mul-
tiple interactions during the segmentation, we only ask for
manual specification of the first and last slices of the pros-
tate along the z-axis. It is noteworthy that the radiation
oncologist’s manual specification is carried after ROI extrac-
tion. Therefore, it will take only less than 10 seconds for this
manual step. In the experiments, we will also show that the
segmentation results can be largely improved by asking
radiation oncologist to spend such a little interaction time,
which is also clinically feasible.

4.4 Patch-Based Original Feature Representation
For the original feature representation, three different
kinds of low-level features are extracted from 2D slice,
which include nine-dimensional histogram of oriented gra-
dient [10], 30-dimensional local binary pattern (LBP) [34]
and 14-dimensional multi-resolution Haar wavelet [31].
Typically, HOG is calculated within 3 x 3 cell blocks with
nine histogram bins similar to [10]. LBP is calculated with
the radius value 2 and the neighboring voxel number 8.
Haar is calculated by convolving the 14 multi-resolution
wavelet basis functions with the input image similar to
[31]. The window size for feature extraction is empirically
set to 21 x 21. To better incorporate the neighbouring infor-
mation, we adopt a patch-based feature representation.
Specifically, for each voxel, we extract the above three fea-
tures at every voxel within a k£ x k patch for representing
the central voxel. The feature vector of each voxel consists
of 53 features (9 + 30 + 14 = 53 features) extracted from all
voxels within its local patch. In this article, k is set to 5, so a
1,325 (53 x 5 x 5) dimensional low-level original feature
vector is used to represent each voxel before the coupled
feature representation.

4.5 Training Voxels Sampling

Because the corresponding manual segmentations are avail-
able for both planning and previous treatment images, vox-
els with the known labels (prostate or background) can be
sampled as the training voxels to aid the estimation of pros-
tate-likelihood map for the current treatment image. Since
the confusing voxels are frequently lying on the boundary
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Fig. 5. Typical examples for illustrating the sampling of the training vox-
els, with the red points denoting the prostate voxels and the blue points
denoting the background voxels.

of the prostate region, it is reasonable to sample relatively
more voxels around the boundary. That is, the boundary
voxels will have higher probability to be sampled, as illus-
trated in Fig. 5. Similar strategy for sampling the training
voxels was also used in literature [27].

5 PROSTATE-LIKELIHOOD ESTIMATION

We first discuss the details of our coupled feature represen-
tation, and then formulate the spatial-constrained transduc-
tive feature selection task as the proposed SCOTO. Also, we
present a feasible optimization strategy for solving SCOTO,
whose joint convexity is theoretically guaranteed. Finally,
SVR is employed to estimate the prostate-likelihood for
each block (voxel-wise).

5.1 Notations

For each slice, we first partition the slice into non-overlap-
ping N, x N, blocks as shown in Fig. 4. Then for the ith
block, we use [; € R and u; € R to denote the number of
training and testing voxels, respectively. Note that the train-
ing voxels come from the sampled voxels, whose locations
are in the current block within the slices [s. — 1,s. + 1] of
training images, where s, is the current slice index of testing
voxels in z-axis. The reason for this design is that training
voxels in adjacent slices have similar distribution in feature
space, which guarantees sampling of enough voxels, espe-
cially on the base and apex slices of prostate. N € R
(N = N, x N,) denotes the total number of blocks in the
current slice. y, € Ri*% and Z; € R4 are used to
denote the ground-truth label and original feature matrix
for all the training and testing voxels, respectively. Without
loss of generality, all the training voxels are listed before the
testing voxels in both y, and Z;. d means the number of low-
level original features (i.e., 1,325 in the article). It is notewor-
thy that the labels of testing voxels in y, are set to 0. Also in
y,, the labels of training voxels are set to 1 if they belong to
the prostate, and set to 0 if they belong to the background.

5.2 Coupled Feature Representation

Basically, it is always believed that different voxels of both
prostate and non-prostate regions are not isolated, but
anatomically connected with each other. Thus, the low-level
original features extracted from these voxels are also not
independent, but related with each other in a certain way.
However, previous learning-based prostate segmentation
methods simply use the low-level original features without
considering their relations. In this article, we first attempt to
introduce the coupled feature representation to the prostate
segmentation inspired by [42], [38].
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For the coupled feature representation, aimed to enhance
the representative ability, it usually integrates two types of
relational information inherent in the original features:
intra-coupled interaction with correlations between the fea-
tures and their own powers, and inter-coupled interaction
with correlations between different powers of different fea-
tures. Thus, the coupled features can represent the voxels in
a more meaningful way by capturing both the linear and
nonlinear combination of the low-level original features.

Coupled feature representation can be considered as a
procedure with an input as the original feature matrix
and an output as the learned coupled feature matrix.
Specifically, for each original feature matrix Z; € R{litu)xd
(extracted from the ith block), we will perform the cou-
pled feature representation to obtain the corresponding
coupled feature matrix F; € RG+4)*4E where E€ R is a
number to denote the maximal power (typically
3 < E <10). Please note that all the following steps, i.e.,
SCOTO and multi-atlases based label fusion, are con-
ducted on the obtained coupled feature matrix F;, instead
of original feature matrix Z;, which is different to our
preliminary work [37].

Matrix expansion. It is always excepted that increasing
the dimensionality of features can boost the representa-
tive ability [25], [42]. Here, each feature can be extended
to new features, by calculating its power with different
orders, to complement the feature matrix, aiming to
incorporate both linear and nonlinear information. For-
mally, we denote 2/ as the numerical value of kth voxel
at jth feature in original feature matrix Z;, and then map
them to an expanded feature space (taking £ = 2 as an
example) as below:

(A1) G002, Gty Gt (b, (abey?)

where (/)¢ indicates the eth (1 < e < E) power of 2/ and
in this case e € {1, 2}.

Intra-coupled interaction. By employing the aforemen-
tioned matrix expansion, to exploit the relations of same fea-
ture with different powers, we first define an intra-coupled
interaction, which considers the correlations between the
Jjth feature and its own powers as follows:

o, 6, O

6y, 8,
o= 7 E

O O Opp

where 9?1 denotes a Pearson’s correlation coefficient

e1,ea )
between (Z;/)" and (Z;7)?, since we know that Pearson’s

correlation is powerful in measuring the agreement of
different sets or vectors [15]. Here, e; ={1,2,...,E},
ea ={1,2,...,E}, and (Z;’)° indicates the column vector of
the eth power for all the voxels at jth feature in the
expanded feature space.

Inter-coupled interaction. Besides the intra-coupled interac-
tion, to exploit the relations of different features with differ-
ent powers, we also define an inter-coupled interaction to
capture the correlations between the jth feature and the
powers of other features as follows:
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where v; e R =1,... j—1,j+1,- ~,d]T denotes the
feature indexes (except current j) with vj., as the cth entry
of v;. of{(‘ﬁz is a Pearson’s correlation coefficient between
(Yt and (Z,7“))2. Fig. 6 gives a typical illustration of cal-
culating the intra- and inter- coupled interactions. Please
note that, to take advantage of information from testing vox-
els, we use both the training and testing voxels in coupled
feature representation within an unsupervised manner.

Combination. Here, we respectively denote the intra- and
inter-coupled representation of the jth feature for the kth
voxels as (containing jth feature and its powers)

Za(k) = [ ()],
and (excluding jth feature and its powers)

Zb(k) _ {<Z;¢,,ﬂj(l) >17 o <Z;c,ﬂj(1) >E7 L <Zif.1,vj(d4)>17

(]

(2

Also, to prevent the possible over-fitting, a parameter
w € R¥ is introduced to assign the lower weight to the
higher order representation as:

w=[1/(11),1/(2)),...,1/(E)].

Thus, by introducing w, we can obtain the normalized

intra- and inter- coupled representation as Zﬁ) = Z,(k)®
-1

—N—
w and Z,(k) = Z,(k) © [w,w, ..., W], respectively, where ®
denotes Hadamard product.
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We know that intra- and inter-coupled interactions C,(j)
and C,(j) capture the coupled relations within and between
Jjth feature, respectively. Thus, it is excepted that, a feature,
with the larger Pearson’s correlation coefficient value in
either C,(j) or Cy(j) (indicating it is strongly coupled with
current jth feature), should have larger contribution to the
respective intra- and inter- coupled representation of jth
feature. Mathematically, the linear combination can be
adopted to integrate C,(j) and C,(j), aiming to obtain the
coupled feature representations of the jth feature for the kth
voxel, as follows:

S

where ® denotes matrix multiplication. Thus, the final cou-
pled feature representation for the kth voxel can be repre-
sented as follows:

u¥(j) = Za(k) ® [Cu(h)] " + Z0(k) ®

u* = [uf(1),d"(2),...,u"(d)]" e RP. )

Lastly, by combining all the u* (k= 1,...,1; + u;), we can
obtain the coupled feature matrix F; for the ith block.

5.3 SCOTO: Problem Formulation

For each 2D slice, our goal is to estimate the prostate-likeli-
hood for each voxel in the current slice. Since our coupled
feature representation F; for each voxel is a high dimen-
sional vector (R%, d = 1,325, 3 < E < 7), feature selection
(by SCOTO in this article) is very critical to remove the
redundant features.

To consider the prediction error per block, the usage of
unlabeled (testing) voxels, as well as the neighbouring spa-
tial smoothness during the feature selection, we mathemati-
cally formulate the objective function of SCOTO as follows:

N
i —F, A
ﬁ;ﬁj\,{;[m BN+ 2181,
AL TRT .
+————=B; F, LiFiB;| + ﬂz B;
(2
where B,,...,B8y (B, € R¥) are the parameters to learn,

which indicates the weights of individual features for each
block. Please note that, although we extend the feature
spaces from the original features [37] to the coupled fea-
tures, SCOTO still works for both the original and coupled
features, except we should notice the dimensionality of the
feature matrix F; and the parameter B; are different when
using the original and coupled features.

Also in Eq. (2), Ag, Az, Ag € R are the parameters to con-
trol the corresponding terms in Eq. (2), and we will intro-
duce the method for automatic parameter selection in later
discussion. J; € RUiFu)x(i+) js ysed to indicate the training
voxels since the testing voxels have no contribution on the
first term. It is a diagonal matrix defined as

l; u;

J, =diag | 1/l;,...,1/1;,0,...,0|.
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L; € RUtu)x(i+u) g the graph Laplacian with the same
definition as that in literature [2]. H (i) denotes the neigh-
bors of the ith block. Since we use the four-neighbor connec-
tion in this article, |H(¢)| (the cardinality of H (7)) is set to 4
as a constant.

In Eq. (2), the first term with three sub-terms focuses on
each individual block: the first sub-term indicates the pre-
diction error, the second sub-term imposes the sparsity
constraint with L1 norm for feature selection, and the third
sub-term is the graph Laplacian imposing the manifold
assumption on both the training and testing voxels. In this
way, testing voxels without any label information can also
be well utilized in the feature selection. The second term of
Eq. (2) is the smoothness term on the neighboring blocks,
by assuming that the neighboring blocks should choose
similar features.

5.4 SCOTO: Optimization

Because the feature weight vectors B,..., By are jointly
convex (see the following theoretical analysis), the alternat-
ing optimization method [30] can be employed to solve
Eq. (2), which sequentially solves B; with other variables g;
(1<j<N.,j#1) fixed. Therefore, the optimization for
Eq. (2) can be divided into several alternating sub-problems.
Formally, for each B;, when fixing the other parameters B,
we have the following sub-problem:

min{ ), (y; ~ E8) 5 + AsllBi ],

\ 3)

+———B/F LB,
(l7+u,)2ﬂ ) bit

Z 18: = Bl

]EH

The problem of Eq. (3) is convex but not smooth for the
feature weight vector g;, so the closed-form solution cannot
be reached. For solving Eq. (3), we consider adopting the
iterative projected gradient descent method [1] for optimi-
zation, which separates the sub-problem into the smooth-
ness term and the non-smoothness term, and solves them
iteratively until convergence. Therefore, the Eq. (3) can be
separated into the smoothness term

AL

S(B) = HL(YL - Fiﬂi)"g +7gﬂ;rFiTEiFiﬁ7z
(L +u;)
Z ||ﬂz ﬂj”??
]EH
and the non-smoothness term
N(ﬂ7) = >\5||ﬂ7jH1'

The iterative projected gradient descent method contains
two steps in each iteration. For the kth iteration, in the first

step, we compute a§k> using Newton gradient descent
method as
k -1 k
b_gh s | asp) @

where y, € R is the step size which can be automatically
determined by the back-tracking line search for each
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as(p") ﬁw%

iteration.
iteration 280 i
order derivatives of S(,B ) at ,3
be calculated as follows:

denote the first and second

, respectively, which can

(k)
BB ¥y 0 + ),
aﬂ /EH
and
2 (k)
E%J-ﬁg+hl

where J, =JJ, € RU+u)x(litu)  For simplicity representa-
tion, Q; € RUitu)*dF js defined as

Q = G tw)

AL L — jz} F;. (6))

In the second step, with the obtained a'*), we update ﬂ ®

ﬂlkﬂ by solving the following L1 regularized regression
problem:
B = arg min |8 -

i

a3+ N(B). ©)

The Eq. (6) can be efficiently solved by many existing algo-
rithms, e.g., LARS [12].

The algorithm summary for SCOTO can be referred to
Algorithm 1. The inputs are the coupled feature matrices
and the corresponding labels of individual blocks, and the
outputs are the corresponding feature weights for each
block.

Algorithm 1. SCOTO
Input:

the coupled feature matrices Fy,.. and the
corresponding labels y,..., y -
Output: feature weights g,,. .., By.
1. fori«1,...,Ndo
2 L; «— calculate the graph Laplacian [2].
3 ,851) — solving Lasso on F; and y, for initialization.
4:  end for
5 k<1
6:  while not converge do
7.
8
9
0
1

'/FN/

fori — 1,...,Ndo
o — solving Eq. (4).
ﬂgkﬂ) — solving Eq. (6).
end for

10:
11:  end while

After using SCOTO for feature selection, for the ith
block, the features, which correspond to the entries in B;
with the value larger than 0, will be selected. So we can
finally obtain the new feature matrices F, (i =1,..., N) by
selecting the columns in F; corresponding to the selected
features.

For the computational complexity of SCOTO, taking
coupled features as an example, please note that in
Algorithm 1, Line.1-Line.4 are for parameter initialization
part for each block (without any loop), whose complexity

2293

©
T

= Central slice
~—Top slice
= Bottom slice

o
T

»
T

Normalized Objective
o o o o
N
T

o

100 200 300 400 500 600 700 800 900 1000
Iterations

o

Fig. 7. An illustration for convergence of SCOTO (PA1).

is greatly lower than that of Line.6-Line.11 (iteration part).
Thus, we can obtain the complexity of SCOTO by only ana-
lyzing the iteration part. Specifically, Eq. (4) mainly con-
sists of matrix inversion with complexity as O((l; + u;)?),
calculating Q; with O(dE(l; +u;)*), 1st order derivative
with O(d®E?(l; + u;)), and second order derivative with
O(d*E?). Eq. (6) adopts soft-thresholding strategy with
complexity as O(dE). Also, we know that in practice
d > l; + u;. Thus, we can obtain the total complexity of
SCOTO as O(d*E*(l; + u;)Nk) for coupled features, and
O(d*(l; + u;)Nk) for original features, respectively. In addi-
tion, (l; + ;)N actually equals to the total number of vox-
els in each slice. Moreover, the iterative projected gradient
descent method [1] can mathematically converge in func-
tion value as O(1/k?), which is relatively fast to compute,
and widely adopted in related optimization problems. Fur-
thermore, we illustrate the convergence of using SCOTO
for the top, central, and bottom slices of Patient 1 as an
example in Fig. 7.

5.5 Theoretical Analysis: Joint Convexity

The requirement of employing the alternating optimization
method for solving Eq. (2) is that all the unknown variables
Bi,- - ..By should be joint convex. We first conceptively give
the separate definitions of the convex (see Lemma 1) and
joint convex (see Lemma 2).

Lemma 1 (Boyd and Vandenberghe [3]). A function f(z) is
said to be convex over an interval (a,b) if for every
21,22 € (a,b)and 0 < A <1,

Lemma 2 (Boyd and Vandenberghe [3]). If f(z,y): RY x
]Rg? is convex (as a function of z = (x,y); this is called joint
convexity) and the function

mmﬂymm

is proper (> oo) everywhere and is finite at least at one point,
then g is convex.

Lemma 3 (Boyd and Vandenberghe [3]). If H function fi(x),
fa(@),. .., fu(x) are all convex functions, then fi(x)+ fo(x) +
St fH(:c) are convex.

Lemma 3 indicates the property that the linear combina-
tion of several convex functions is also convex. Here, the
Eq. (2) can be normally transformed into the following four
sub-terms:
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T =30 1y, — EB)lla,
To= T lIAilh:
T3 = Zl 1 ﬂTFT[’ F ﬁm
T, = Zi:l ZjeH(i) 18 — ﬂj“g'
Our sketch for joint convexity proof is to individually vali-
date that all the four sub-terms (i.e., 71, 75, 73, 7 4) are joint

convex. Thus, we can also consequently obtain that the
Eq. (2) is joint convex using Lemma 3.

Proposition 1. Both the sub-terms T, and T 5 are joint convex.

Proof. The proof is trivial by employing mathematical
induction (M.L.). O

Proposition 2. The sub-term T 3 is joint convex.

Proof. According to the literature (He et al. [18]),

1
TET _ T 12
ﬁ F ﬁFﬂ - 5;[(’911 - xn) ﬂ] wm,m
where x,, € R? and x, € R? are the mth and nth feature
vector, respectively. W, ,, is the pair-wise similarity of
X, and x,,. Taking two variables g, and B, as an example,
for YA (0< A< 1), VB, BP € Q(B)) (with Q(z) as the

domain of z), and VB;,BY € Q(B,), we can let

Xon = Xm — Xy, and have
T, (Aﬂf‘ + (1= NBEABE + (11— N
=33 (¥ 081+ (- 08D W,
+5 Z{ Aﬂ%(l—&ﬁ?)}zwmﬂ -
:;[AXM N8 W
£330 M+ -0 ,,mﬂg]

m,n

AT 5B, BS) + (1 — N T3 (B, BY)
LS M) (1 X B W

m,n

£33 AT+ (- A

m,n

X;;nﬂQB) 2} wmnz .
®)

Moreover, we can obtain that
Eq.(8)-Eq.(7)

77217 mn

m,n

+5 Zli mn

m,n

4 B0 W,

2
Wm,n > 0.

- 8]

For the case with all (8;, B,..., By), the property still
holds using the M.I. Therefore, we can conclude that the
sub-term 73 is joint convex. O

Proposition 3. The sub-term T 4 is joint convex.
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Proof. Taking two variable B, and B, as an example, for YA

(0<A<1), VB BE € Q(By), and VB, B2 € Q(B,), we
have
Tu(AB!+ (1= VBB + (1 - N5
=S ON I (= NBP - B - (1= NBE
17 1j
ST + (1= NBF = A — (1= NBY 5.
20 27
9)
AT (B, B3) + (1= NTs(BY, BY)
=AY (B - B+ (1 - ZH 87 - Bl
1
AT - B+ (- A>Z (87 — B2)Il>-
2,j
(10)
Moreover, we can obtain that
Eq.(10)-Eq.(9)
=3 D A= N[B! A8 —A8L, = 8T,
15 17
DDA = N8+ ABE = AB2 — M5 > 0
29 27

For the case with all (8;, B,..., By), the property still
holds using the M.I. Thus, it mathematically validates
the sub-term 7, is joint convex. m]

Theorem 1. The objective function of Eq. (2) is convex.

Proof. According to Lemma 2, and Proposition 1-3, the
Theorem 1 can be proved. 0

5.6 Prostate-Likelihood Estimation

After applying SCOTO for joint feature selection across dif-
ferent blocks, we can obtain the new feature matrices
F/(i=1,...,N) by removing the unselected features. In
order to further estimate the prostate-likelihood for each
block (voxel-wise), for each individual block, we apply
SVR, which is a conventional regression method with a
supervised manner, to predict the prostate-likelihood for all
the voxels in each block. Specifically, SVR model is first
trained by the training voxels in F; as well as the available
labels in y;, and then preformed over the v; testing voxels
on the ith block for prediction of prostate. All the predicted
likelihood will be finally normalized into [0, 1]. It is notewor-
thy that we will first obtain 2D prostate-likelihood maps
slice by slice, and then merge all those 2D results to get the
final 3D prostate-likelihood map according to the ordinary
order, which is denoted as M,,.

6 MuLTI-ATLASES BASED LABEL FUSION

Here, we introduce the technical details of the multi-atlases
based label fusion, which generates the final binary segmen-
tation results according to the prostate-likelihood map (con-
tinuous value) obtained in the previous step. Although
the prostates scanned at different days usually have large
irregular motion, non-linear transformation, and even
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appearance changing, the patient-specific prostate shape
information can still be well used to guide final segmenta-
tion, since the shape differences among the same patient are
generally smaller than that among different patients, in
terms of the volume size, general shape, etc. To make full
use of all the shape information from the planning and pre-
vious treatment images for guiding the segmentation, we
adopt the multi-atlases based label fusion with the follow-
ing steps:

e  First step is rigid alignment. All previous binary seg-
mentation results (the ground truth of the training
images manually delineated by radiation oncologist)
Gy,..., G,-1 and G, will be rigidly aligned to the
estimated prostate-likelihood map M,, (after using
coupled features for representation and also SCOTO
for feature selection) by using the mutual-informa-
tion based similarity metric with Powell’s optimiza-
tion strategy [27], which is implemented by FLIRT
toolkit [20]. Thus, the output of first step are the
aligned results of previous training images, in which
the value of each voxel is of the range [0, 1] with the
higher value indicating the higher likelihood to be
prostate voxel.

e  Second step is voxel-wise majority voting. After the
rigid alignment, we average all the obtained aligned
results and further conduct the voxel-wise majority
voting for each voxel of current treatment image
(i.e., testing image). Specifically, if the averaged like-
lihood of a voxel is larger than 0.5, it will be classified
as prostate voxel, otherwise as non-prostate voxel.
Thus, the output of second step is the final binary
segmentation result denoted as S,,.

The flowchart of the above steps in our whole segmenta-
tion method can be referred to the multi-atlases based label
fusion in Fig. 4. The multi-atlases based label fusion is a sim-
ple yet effective schema for final binary prostate segmenta-
tion. In the experimental evaluation, we will validate the
advantages of the multi-atlases based label fusion step in
our whole segmentation method.

7 EXPERIMENTAL RESULTS

Now we present the qualitative and quantitative evaluation
to validate the advantages of the proposed method. After
the discussion on the CT dataset, experimental setting, and
parameter selection mechanism, we first investigate the
effectiveness of the coupled feature representation by com-
paring it with the method only using the low-level original
features [37]. Then, we evaluate the proposed SCOTO and
compare it with several popular feature selection methods.
Also, we extensively present the efficacy of the multi-atlases
based label fusion as the second step in our whole method.
Moreover, we will also discuss the performance under two
particular cases, i.e., (1) when inaccurate manual specifica-
tion happens, and (2) when patients are with large irregular
prostate motion. Finally, we compare the proposed method
with several state-of-the-art methods, and also report addi-
tional quantitative results.

Please note that, to better distinguish the previous
method (published in [37]) using the original features (OF)
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and the current novel method using the coupled features,
we denote the previous method as OF+SCOTO, and the cur-
rent novel method as CF+SCOTO, in the following sections.

7.1 Dataset and Settings

We systematically evaluated the proposed method on a CT
prostate dataset consisting of 24 different patients with
totally 330 images. Here, each patient has at least nine
images (nine CT scans) obtained from one planning day
and several treatment days. The original resolution of each
CT image is 512 x 512 x 60, with in-plane voxel size of
0.98 x 0.98 mm? and the inter-slice thickness of 3 mm.

All CT images of patients are manually segmented by an
experienced radiation oncologist, which we used as
ground-truth for quantitative evaluation in the following
experiments. For each patient, the first three images (i.e., the
planning image and the first two treatment images) are
used as training images, from which the training voxels are
sampled, along with the available segmentation ground-
truths. As for the clinical feasibility of our setting, first we
need to clarify that, for each patient, the number of scans to
be segmented is way more than three images (usually 20-40
scans per patient), so manual segmentation of the first three
scans can still be considered as a minor effort for radiation
oncologist.

For quantitative evaluation, we employ four common
evaluation metrics: the Dice ratio, the true positive fraction
(TPF), the average surface distance (ASD), and the centroid
distance (CD), which are also popularly used in the related
literature [26], [27], [16]. Specifically, the Dice ratio between
two binary images A and B can be calculated as
2|A N B|/(JA] + |B|). The TPF indicates that the percentage
of corrected predicted prostate voxels in the manually seg-
mented prostate regions. The ASD is adopted to discretely
measure the euclidean distance between the surfaces of the
manual segmentation result and the predicted segmenta-
tion result. The CD means the euclidean distance between
the central locations of the manual segmentation result
and the predicted segmentation result. Since prostate
CT-images are 3D, the CD along three directions, including
the lateral (x-axis), anterior-posterior (y-axis), and supe-
rior-inferior (z-axis) directions, need to be calculated.
Please note that, in the superior-inferior (z-axis) direction,
the CD is calculated as three times of the obtained value
since the inter-slice voxel size is 3 mm, which is approxi-
mately three times of that in the x-axis and y-axis.

7.2 Parameter Selection Mechanism

For SCOTO as a feature selection tool, the parameters Ag,
AL, Ap are automatically selected by grid searching with
leave-one-out cross-validation on three patient-specific
training images independently. The parameters g, Az, Ag,
which can obtain the lowest mean square error (MSE) value,
are selected and used for the feature selection on the testing
images. Specifically, Ag, AL and Ap are selected from
(1072,1078,...,107"). Using the aforementioned mecha-
nism, we experimentally found Ag=107%, X\, =1075,
Ap = 1073 (for OF+SCOTO), and As=10"% X\, =107,
Ap = 1072 (for CF+SCOTO, E = 4) to be best. As for the run-
ning time affected by the grid searching, for CF+SCOTO, we
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Fig. 8. Comparison of Dice Ratio, TPF, ASD, CD on 24 patients between
OF+SCOTO and CF+SCOTO by using different maximum power num-
ber E.

spend a couple of days to search the best parameters accord-
ing to the previous selected parameters in OF+SCOTO,
which is used to accelerate the searching time. It is worth
noting that searching the optimal parameters only applies
to the training, which will not affect our testing time.

For parameters in prostate-likelihood regression, we
implement the SVR by LIBSVM toolbox [5], in which all the
parameters (e.g., ¢, g) are set to the default ones.

For the size of blocks, we empirically set to 10 (note that
the slice size after ROI extraction is 140 x 140). Choosing
either too large or too small block size is impracticable. Too
large block size will ignore the variations of appearance
along the prostate boundary, while too small block size will
increase the unnecessary computational burden. However,
it is still an open problem on how to automatically choose
the best block size, which we will study in our future work.

7.3 Efficacy of Coupled Features

Here, we evaluate the efficacy of coupled feature represen-
tation for prostate segmentation. In our previous work [37],
only low-level original features are used; in our current
work, by introducing the coupled features, we use both
original features and coupled features. Please note that the
subsequent feature selection (using SCOTO) and the final
segmentation (using multi-atlases based label fusion) are
same during the comparison. Specifically, we investigate
the segmentation performance by varying the maximum
power number £ (the only parameter in coupled features
[42]) from 1 to 9. E = 1 indicates the case that we only use
the original features (without feature matrix expansion).
The larger £ means the more complex feature representa-
tion is employed. We compare the results of Dice ratio, TPF,
ASD and CD (x-/y-/z-axis) between the coupled features
(CF+SCOTO) and original features (OF+SCOTO) on 24
patients, respectively (see Fig. 8). By varying different F,
the results indicate that CF+SCOTO is better than OF
+SCOTO in terms of higher Dice ratio, TPF, and lower ASD,
CD. In addition, we can notice that the CDs in z-axis are
almost same between CF+SCOTO and OF+SCOTO. The
reason might be that we asked the radiation oncologist to
provide the first and last slice indexes of prostate region in
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(a) Example 1 (OF) (b) Example 2 (OF) (c) Example 3 (OF)

(d) Example 1 (CF) (e) Example 2 (CF) (f) Example 3 (CF)

Fig. 9. Three typical prostate-likelihood maps showing that OF+SCOTO
cannot achieve good results, but CF+SCOTO can. Red curves indicate
manual delineations.

z-axis, thus both methods (.e., CF+SCOTO and OF
+SCOTO) can use the same information. In the following
experiments, we choose £ = 4 as the tradeoff between the
computational burden and segmentation performance.
When FE =4, CF+SCOTO statistically outperforms OF
+SCOTO in terms of Dice ratio with p-value as 5.14e — 3.

Also, we illustrate three typical prostate-likelihood maps
where OF+SCOTO cannot achieve good performance in our
pervious work [37] (see Fig. 9, with red contour as the man-
ual delineation by radiation oncologist). By using the cou-
pled features, we can observe that the prostate-likelihood
maps of CF+SCOTO are much better than that of OF
+SCOTO.

Moreover, to show the intrinsic relations among features,
we report the normalized selection percentages by using
SCOTO for three kinds of features (i.e., HoG, LBP, and Haar
wavelet) in Table 3. Specifically, here we illustrate the selec-
tion percentages by averaging the feature selection results
of each slice for 24 patients. In Table 3, Py, indicates the
percentage of original HoG features in all the selected fea-
tures (similar as Prpp and P.ar), while Pyoc- indicates the
percentage of coupled HoG features within expanded
matrix in all the selected features (similar as Prpp-. and
PHaar-c). We can observe that, by relaxing the feature inde-
pendency assumption, certain coupled features will be fur-
ther selected by replacing the original features. Also, it is
worth noting that, for LBP features, which are seldom
selected using the original feature representation, the selec-
tion percentage will be greatly increased when using cou-
pled feature representation.

7.4 Evaluation on the SCOTO

We now evaluate the performance of SCOTO on the feature
selection task for both original features and coupled fea-
tures, respectively. Specifically, SCOTO belongs to the
block-level feature selection methods, which simulta-
neously selects the features within different local regions.
Thus, to validate if the block-level feature selection is better
than the slice-level feature selection (i.e. the methods that
select the features per slice globally), as well as to validate if
the manifold assumption constraint can benefit the final
segmentation results, several related feature selection
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TABLE 1
Comparison of Experimental Results among Different Feature Selection Methods, with the Best Results Marked by Bold Font
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Dice (mean =+ std) TPF (mean =+ std) ASD (mean =+ std) (mm)

CD (mean =+ std) (x/y/z) (mm)

Level Method
L Lasso-S  0.874 +0.083 0.869 + 0.107
Slice-Level (OF) 1 oS 001720053  0.899 = 0.084
mRMR 0.893 + 0.033 0.912 + 0.047
Lasso-B  0.922 + 0.039 0.909 + 0.042
Block-Level (OF)  tLasso-B  0.932 + 0.036 0.919 + 0.040
Fused Lasso  0.928 £ 0.047 0.906 4+ 0.043
OF+SCOTO  0.941+0.030  0.924 + 0.037
. Lasso-S  0.885 4 0.091 0.887 + 0.109
Slice-Level (CF) " 606 0.92140064  0.903 £ 0.073
mRMR 0.899 + 0.031 0.915 + 0.046
Lasso-B  0.929 + 0.038 0.910 + 0.039
Block-Level (CF)  tLasso-B 0.937 4+ 0.030 0.919 + 0.042
Fused Lasso  0.936 + 0.048 0.908 + 0.043
CF+SCOTO  0.949+0.028  0.926 + 0.041

1.41+0.83 0.71£0.56 /0.80 £ 0.61 / 0.67 £ 0.53
1.32+£0.78 0.54£0.37/0.50 £ 0.38 / 0.40 £ 0.33
1.38 £0.74 0.50£0.34/0.724+0.41 / 0.36 £ 0.33
1.35£0.81 0.47+£0.39/0.47+0.37/0.33 £0.34
1.17+0.68 0.37+£0.17 /0.41 +£0.35/0.32 £ 0.33
1.28 £ 0.80 0.344+0.37/0.42+£0.38 /0.34 £ 0.51
1.09 £0.74 0.25+0.18 /0.30 £0.22 /0.27 +0.29
1.36 +0.81 0.74£0.53/0.81 +£0.63 / 0.63 £ 0.49
1.32+0.79 0.54+£0.36 /0.51 £0.34 /0.40 £ 0.32
1.35+£0.72 0.46 £0.33/0.70 £ 0.43 / 0.32 £ 0.31
1.32+£0.80 0.45+0.36 /0.46 £ 0.37 / 0.32 £ 0.35
1.12£0.66 0.32+0.18/0.38+0.30 / 0.31 £ 0.33
1.25+£0.80 0.29+£0.33/0.40+0.37/0.35 £0.54
1.05 £ 0.63 0.23+£0.18/0.27 £0.22 /0.27 £ 0.32

methods are used for extensively comparison, which
include Lasso-S and tLasso-S (applying Lasso [39] and
tLasso [36] on slice-level feature selection, respectively),
Lasso-B and tLasso-B (applying Lasso and tLasso on block-
level feature selection, respectively), mRMR [32] and Fused
Lasso [40] (applying the respective method on block-level
feature selection). For all these methods, the parameters are
experimentally set using leave-one-out cross-validation. It
is noteworthy that the same multi-atlases based label fusion
is adopted for all the methods.

Table 1 lists the segmentation accuracies obtained by dif-
ferent feature selection schemes on all the 24 patients with
330 CT images by using original features and coupled fea-
tures, respectively, and the best results across different
methods are marked by the bold fonts. We found the pro-
posed SCOTO can achieve superior performance over the
related methods. Specifically, we also found that (i) the
block-level methods are better than the slice-level ones,
which validates our assumption that different local regions
prefer choosing different features; (ii) Manifold assumption
constraint is useful for improving the results, i.e., by com-
paring tLasso-S with Lasso-S, and tLasso-B with Lasso-B;
(iii) Spatial-constraint smoothness term leads to better
results, i.e., by comparing SCOTO with tLasso-B; (iv) Cou-
pled features can help boost the performance, i.e., by com-
paring the using original and coupled features, respectively.

Also, compared with these feature selection methods
(Lasso-S, tLasso-S, mRMR, Lasso-B, tLasso-B, and Fused
Lasso) on the Dice ratios, our proposed OF+SCOTO and CF

TABLE 2
The p-Values (the Dice Ratio) of OF+SCOTO and CF+SCOTO
Compared with Related Feature Selection Methods: Lasso-S,
tLasso-S, MRMR, Lasso-B, tLasso-B and Fused Lasso by Using
Both the Original and Coupled Features, Respectively

+SCOTO are statistically better than their results through
calculating the corresponding p-values (see Table 2). Fig. 10
presents the mean Dice ratio among these different feature
selection methods per patient, respectively, which demon-
strates the advantages of SCOTO on feature selection task.

Since the automatic approach for selecting the best block
size of SCOTO is not available, we investigate the segmenta-
tion performance with respect to the change of predefined
block size (see Fig. 11). It can be observed that, by setting
the block size from 8 x 8 to 14 x 14, the overall Dice Ratios
for CF+SCOTO and OF+SCOTO are all above 0.94, and also
remain relatively stable. When setting block size with a
small value (i.e., 6 x 6), the performance is poor since it can-
not well handle prostate motion problem. In this case, due
to large prostate motion, especially in the prostate boundary
part, the training and testing voxels will come from very dif-
ferent prostate regions, which makes training voxels not
able to fully guide feature selection for the testing voxels.
When setting the block size with a large value (i.e., 16 x 16),
the prostate region will be covered by a very small number
of blocks, and the same block will contain different prostate
regions. In this case, the results will be similar as perform-
ing Lasso on each slice globally.

7.5 Evaluation on the Multi-Atlases Based Label
Fusion

To evaluate the multi-atlases based label fusion, we adopt
two related methods, OTSU’s segmentation [33] and level-
set segmentation [22] for comparison, both of which can
also generate the final prostate segmentation results on
the prostate-likelihood maps. In our multi-atlases based
label fusion, we first apply the original features (or

TABLE 3
Normalized Selection Percentages for Three Kinds of Features

Using original features (compared with OF+SCOTO)

Lasso-S tLasso-S mRMR Lasso-B tLasso-B Fused Lasso
3.43e-16 1.47e-10 3.86e-31 2.10e-13 7.51e-6 5.08e-9

Using coupled features (compared with CF+SCOTO)
Lasso-S tLasso-S mRMR Lasso-B tLasso-B Fused Lasso
9.51e-15 2.04e-12 5.28e-22 8.42e-16 6.27¢-3 1.19e-4

Using original features (OF+SCOTO)

PHOG PLBP PHaar PHOG—C PLBP—C PHaar—c

47.9% 23.2% 28.9% N/A N/A N/A
Using coupled features (CF+SCOTO)

Proc Prep PHaar PHoG-¢ Prep-c  PHaar-c

14.7% 21.5% 5.3% 23.4% 29.5% 5.6%
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Fig. 10. Comparison of mean Dice Ratio among different feature selection methods per patient using OF and CF, respectively.

coupled features), SCOTO and SVR for feature representa-
tion, feature selection and regression, respectively, then
use the rigid registration to align the patient-specific train-
ing images to the estimated prostate-likelihood map, and
finally average all the obtained aligned results and utilize
the voxel-wise majority voting to get the final segmenta-
tion result (by using original and coupled features, respec-
tively). In the implementations of the OTSU’s method [33]
and the level-set method [22], we first generate the slice-
wise segmentation result for each individual slice using
the corresponding slice-wise prostate-likelihood map, and
then combine the slice-wise segmentation results for final
prostate segmentation (by using original and coupled fea-
tures, respectively). It is noteworthy that all the three
strategies use the same prostate-likelihood map (e.g., the
prostate-likelihood estimation step is same), for original
and coupled features, respectively. Fig. 12 gives mean
Dice ratios of all 24 patients among three strategies, which
validates that the multi-atlases based label fusion outper-
forms the two related methods, for both the original (see
Fig. 12a) and coupled features (see Fig. 12b), respectively.
Also, the multi-atlases based label fusion result is statisti-
cally better than the OTSU’s method [33] and the level-set
method [22] with p-values of 6.56e-9 and 1.96e-7 (using
original features), and 3.48e-13 and 3.80e-8 (using coupled
features), respectively.

In Fig. 13, we illustrate two typical examples to
explain why the multi-atlases based label fusion can gen-
erally achieve better segmentation results compared with
the OTSU’s method and the level-set method. The
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Fig. 11. The segmentation performance with different block sizes.

overlaid red curves indicate the radiation oncologist’'s
manual delineations which are used as the ground-truth
(see Figs. 13a and 13e), while the overlaid yellow curves
indicate the respective segmentation results of three
strategies with the corresponding prostate-likelihood
maps (see Figs. 13b, 13c, 13d, 13f, 13g, and 13h).
Although the prostate part can be roughly determined
according to the prostate-likelihood map, the prostate
boundaries are still hard to distinguish since the large
prostate motion and appearance changes greatly deterio-
rate the regression results in some cases, especially for
the pixels around the prostate boundaries. Both the
OTSU’s method and the level-set method directly work
on the estimated prostate-likelihood map without fully
using the prostate shape information. Our method,
multi-atlases based label fusion, takes the advantages of
the patient-specific prostate shape information to guide
better segmentation.
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Fig. 12. The mean Dice ratio of all 24 patients among three strategies:
OTSU’s method, level-set method, multi-atlases based label fusion.



SHI ET AL.: SEMI-AUTOMATIC SEGMENTATION OF PROSTATE IN CT IMAGES VIA COUPLED FEATURE REPRESENTATION AND...

(b) OTSU [33] (c) Level-Set [22] (d) Ours

(f) OTSU [33] (g) Level-Set [22] (h) Ours

(a) Original image

(e) Original image

Fig. 13. The two sets of typical segmentation results by different three
strategies: OTSU, level-set, and multi-atlases based label fusion, for the
cases that the prostate-likelihood estimation results are not good. Red
curves indicate the manual delineations, and the yellow curves indicate
the respective segmentation results of three different strategies.

7.6 Influence of Inaccurate Manual Specification

Our method belongs to a semi-automatic method, which
requires that the manual specification from the radiation
oncologist for the first and last slice indices of the prostate
region in the treatment image. The manual specification,
which needs only a few seconds, can guide better prostate
segmentation (which will be validated in the following
parts). However, inaccurate manual specification some-
times happens due to various reasons (e.g., fatigue), espe-
cially for the inexperienced radiation oncologists. In this
section, we will experimentally investigate the sensitivity of
our method with respect to inaccurate manual specification.
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Fig. 14. The mean Dice ratio of different first and last slice index offsets
(patient 1, patient 2, and patient 3, for OF+SCOTO and CF+SCOTO,
respectively).
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Fig. 15. The standard deviation of prostate centers for each patient.

Specifically, the first and the last slice index offsets will vary
from —3 to 3 according to the ground truths (with 0 indicat-
ing the correct manual specification) along the superior-
inferior direction, respectively. Thus, totally 49 (7 x 7) com-
binations of different inaccurate manual specifications have
been evaluated. We perform the experiments on the 12, 16
and 17 CT images of patient 1, patient 2, and patient 3,
respectively. The respective results are illustrated in
Figs. 14a, 14c, and 14e for OF+SCOTO (using the original
features), and Figs. 14b, 14d, and 14f for CF+SCOTO (using
the coupled features), respectively.

Fig. 14 discloses that our method can generally obtain the
relative satisfactory segmentation results (Dice ratio > 0.9),
even in the case that both the indices of the first and the last
slice are up to 9 mm away from the truth indices. Thus, in
practice, the influence of small inaccurate manual specifica-
tion to the final segmentation is not significant, which also
demonstrates the robustness of our method.

7.7 Patients with Large Prostate Motion

We now validate if the radiation oncologist’s simple manual
specification can benefit the final segmentation performance
for the patients with large irregular prostate motion. In all
the 24 patients, it is found that patients 3, 10 and 15 have
large prostate motions according to the calculated standard
deviation of prostate centers in the planning and treatment
images, which can be found by referring to Fig. 15.

By applying the proposed method to patients 3, 10 and
15, the obtained mean Dice ratio are 0.909, 0.928, 0.946 by
OF+SCOTO, and 0.920, 0.934, 0.946 by CF+SCOTO, respec-
tively, which are better than the corresponding results
reported in [23], [36], [27], [16] (except the result of OF
+SCOTO on patient 3 is slightly worse than [16]). The com-
parisons are also listed in Fig. 16. These results show the
effectiveness of the proposed method in incorporating the
manual specification from radiation oncologist when large
irregular motion occurs in the prostate regions.

7.8 Comparison with Previous Methods

We now further compare the proposed method with several
state-of-the-art methods for prostate segmentation in CT
images developed in recent years, which include deform-
able-model based methods [8], [13], registration-based
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T ELictal, 11

© I Liao etal., 13
g 0.90 [Gaoetal., 12
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> 0.85 Il CF+SCOTO
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Fig. 16. Comparison on prostate segmentation results of five different
methods for three patients with large prostate motions.
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TABLE 4
Comparison of Different Performance Measurements (Mean
Dice Ratio, Median TPF, and Mean ASD) with Other Related
Methods, with the Best Performance Marked by Bold Font

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL.37, NO. 11,

Methods Mean Dice Median TPF  ASD (mm)
Davis et al. [11] 0.820 N/A N/A
Chen et al. [8] N/A 0.840 1.10£ N/A
CT dataset 1: 24 patients, 330 CT images
Feng et al. [13] 0.893 N/A 2.08+0.79
Liao and Shen [26] 0.899 N/A 1.08& N/A
Gao et al. [16] 0.913 N/A 1.24 +£0.77
Liao et al. [27] 0.909 N/A 0.97+ N/A
Shi et al. [36] 0.920 0.901 1.26 £0.78
Wu et al. [43] 0.914 N/A 1.30 £ 0.49
OF+SCOTO 0.941 0.932 1.09 +£0.74
CF+SCOTO 0.949 0.934 1.05 £ 0.63
CT dataset 2: 11 patients, 164 CT images
Lietal. [23] 0.908 0.900 1.40+£N/A
Shi et al. [36] 0.923 0.911 1.27 £ 0.80
OF+SCOTO 0.940 0.923 1.13+0.77
CF+SCOTO 0.947 0.929 1.06 + 0.69
CT dataset 3: 10 patients, 176 CT images
Liao and Shen [26] 0.896 N/A N/A
Shi et al. [36] 0.922 0.907 1.28 +£0.80
OF+SCOTO 0.936 0.923 1.13+£0.77
CF+SCOTO 0.941 0.925 1.11+£0.78

methods [11], [26], [27], and learning-based method [23],
[16], [36], [43]. The best results reported in the correspond-
ing literatures are adopted for comparison in this section.
The comparisons among different methods are listed in
Table 4. The results obtained not on the same CT dataset are
listed separately. Evaluated metrics include mean Dice
ratio, mean ASD, and median TPF (Note that, in [8], [23],
median TPF are evaluated, instead of mean TPF).

Because different CT datasets are used for experiments
in Davis et al.’s work [11] and Chen et al.’s work [8], the
results are here listed separately for experimental refer-
ence. For [13], [26], [36], [16], [27], [43], all the 24 patients
are evaluated, which is the same with ours, so we call the
24 patients CT dataset as CT dataset 1. Also, two different
subsets of the 24 patients are selected in [23] and [26],
which are called as CT dataset 2 and CT dataset 3, respec-
tively. From the results listed in Table 4, we can notice
that for OF+SCOTO in CT dataset 1 (24 patients), the
mean Dice ratio is 0.941, median TPF is 0.932, and mean
ASD is 1.09 mm; in CT dataset 2 (11 patients), the mean
Dice ratio is 0.940, median TPF is 0.923, and mean ASD is
1.13 mm; in CT dataset 3 (10 patients), the mean Dice ratio
is 0.936, median TPF is 0.923, and mean ASD is 1.13 mm.
Also for CF+SCOTO, in CT dataset 1, the mean Dice ratio
is 0.949, median TPF is 0.934, and mean ASD is 1.05 mm;
in CT dataset 2, the mean Dice ratio is 0.947, median TPF
is 0.929, and mean ASD is 1.06 mm; in CT dataset 3, the
mean Dice ratio is 0.941, median TPF is 0.925, and mean
ASD is 1.11 mm. These results demonstrated that the pro-
posed methods outperform the related methods in terms
of higher mean Dice ratio, median TPF, and mean ASD
(expect for [27], which is better than ours). Also, we can
observe that learning-based segmentation methods are
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Fig. 17. The box-and-whisker diagrams (OF+SCOTO and CF+SCOTO)
of Dice ratio for 24 patients.

generally better than non-learning-based ones, since
voxel-level regression/classification might be more useful
to discover the local detail information, e.g., the slight
boundary change in different treatment days.

7.9 More Results by Our Method
We also report the box-and-whisker diagram of Dice ratio in
Fig. 17 for each individual patient. For statistical perspec-
tive, quartile-representation is adopted, in which five hori-
zontal lines (ascending order in values) mean the min,
25 percent percentile, median, 75 percent percentile, and the
max value, respectively. Fig. 17a shows the result of OF
+SCOTO, and Fig. 17b shows the result of CF+SCOTO.
Finally, we also illustrate in Fig. 18 several typical seg-
mented examples as well as prostate-likelihood map for the
image 14 of PA 3 (with mean Dice ratio is 0.898 by OF
+SCOTO, and 0.906 by CF+SCOTO), the image 10 of PA 11
(with mean Dice ratio is 0.929 by OF+SCOTO, and 0.933 by
CF+SCOTO), the image 5 of PA 16 (with mean Dice ratio is
0.897 by OF+SCOTO, and 0.915 by CF+SCOTO), the image
6 of PA 21 (with mean Dice ratio is 0.978 by OF+SCOTO,
and 0.979 by CF+SCOTO), and the image 8 of PA 24 (with
mean Dice ratio is 0.924 by OF+SCOTO, and 0.937 by CF
+SCOTO), respectively. In Fig. 18, we use the red curves to
denote the manual segmentation results by the radiation
oncologist, and the yellow curves to denote the segmenta-
tion results by the proposed methods. It can be observed
that the predicted prostate boundaries are very close to the
boundaries delineated by the radiation oncologist. Also the
proposed method can accurately separate the prostate
regions and background even in the base and apex slices as
shown in Figs. 18a and 18d, which are usually considered
very difficult to segment.

8 DiscussION

Our method can be extended to many similar segmentation
tasks as detailed below. (1) For feature representation using
coupled features, it can be directly extended to the similar
segmentation applications, of which features are usually not
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Fig. 18. Typical segmentation results and estimated prostate-likelihood
maps for Patients 3,11,16,21,24. Red curves indicate manual segmenta-
tion results by radiation oncologist and the yellow curves indicate the
segmentation results by our proposed method.

i.i.d., but related with others. (2) For SCOTO, as a feature
selection method, it can be used in many applications, espe-
cially for medical image segmentation, of which the local
regions are usually spatially connected. (3) For multi-atlases
based label fusion, it can be also utilized in many related
segmentation tasks, of which the previous scanned data
with segmentation results can be borrowed as references for
segmentation of future images.

As for the relations between SCOTO and Total Variation
(TV) methods, it is known that many TV methods have
already been successfully used in many tasks [19], [28].
However, the major difference between SCOTO and TV
methods is that, most of TV methods currently focus on the
1D task (sequential problem), while our problem focuses on
the 2D task (spatial problem). Also, according to very recent
study [45], it shows that 2D TV can obtain superior results
but always with very high complexity.

On the other hand, as for the relations between SCOTO
and overlapping group sparsity methods [6], [7], [46], it is
worth noting that, for prostate segmentation, using struc-
ture information based overlapping group strategy to par-
tition blocks (i.e., local regions) into several overlapped
groups is not a trivial task. The major challenge is that,
due to large appearance changes and irregular prostate
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motion, it is very difficult and even infeasible to design
specific grouping methods (which naturally has certain
clinical meanings for neighboring blocks) for each individ-
ual slice. In addition, our method can be treated as an
overlapping group sparsity methods [6], [7], [46], with
very simple and general assumption (i.e., neighboring
blocks prefer choosing similar features), and can be
adopted to other similar tasks.

Finally, it is very challenging to develop automatic
methods for localizing the start and ending slices of pros-
tate region according to our empirical analysis and experi-
mental evaluation, as explained below. (1) Large prostate
motion. Basically, for the same patient, the start and end-
ing slices of the prostate could change up to 10 voxel
(3 cm) across different treatment days even after rigid reg-
istration with pelvic bone structures. (2) Non-prostate and
prostate regions are extremely similar in the start (ending)
slices. Many state-of-the-art methods [23], [13] cannot per-
form well in those regions. (3) Lack of training images.
The treatment days usually last for 20-40 days, thus we
should limit the radiation oncologist’s effort for manual
delineation and providing the training images (which
generally include one planning and two-four treatment
images for training). Thus, it is hard to predict the start
and ending slices with only three-five training images,
especially for the case that CT images have poor tissue
contrast. Therefore, automatic localization of the start and
ending slices is commonly considered as the most difficult
part in prostate segmentation. In this article, our goal is
mainly to incorporate the radiation oncologist’s guidance
to determine the most difficult part, and then utilize our
method for the subsequent segmentation.

9 CONCLUSION

In this article, we have presented a novel semi-automatic
learning method for prostate segmentation in CT images
during the image-guided radiotherapy. Previous methods
directly employ the low-level features without considering
the relations of these features. Also, previous methods usu-
ally ignore the image appearance changes in different local
regions of CT images during the feature selection step.
Moreover, previous automatic segmentation methods sel-
dom leverage the radiation oncologist’s simple specification
for performance improvement.

In our method, we first ask the radiation oncologist to
spend a few seconds for the simple specification of ending
slices on the current treatment image. The coupled feature
representation is then employed by using both the intra-
and inter-coupling information from low-level original fea-
tures. Our proposed SCOTO is further used to simulta-
neously select the discriminative features for different local
regions, for helping estimate the prostate-likelihood map.
Finally, the multi-atlases based label fusion method is used
to combine the segmentation results of the planning and
previous treatment images for final segmentation, which
allows to make the full use of the patient-specific shape
information.

We extensively evaluate our method on a CT prostate
dataset, which consists of 24 patients with totally 330
images, all along with manual delineation results by the
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experienced radiation oncologist (used as the ground truth).
Experimental results show that our proposed method not
only obtains superior segmentation performance (Q.e.,
higher Dice Ratio and TPF, and lower ASD and CD) com-
pared with the state-of-the-art methods, but also demon-
strates its clinical feasibility since the segmentation
performance can be improved by taking only a few seconds
of radiation oncologist for simple specification of ending sli-
ces, especially for the cases with large irregular prostate
motions. Moreover, several experiments also separately val-
idate the advantages of using (1) coupled feature represen-
tation, (2) SCOTO and (3) the multi-atlases based label
fusion, as well as the robustness of our method to inaccurate
manual specification. In our future work, more advanced
features and more intelligent way (i.e., by borrowing popu-
lation information) will be investigated to further improve
the current work.
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