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Abstract. Efficient and accurate extraction of the prostate, in particu-
lar its clinically meaningful sub-regions from 3D MR images, is of great
interest in image-guided prostate interventions and diagnosis of prostate
cancer. In this work, we propose a novel multi-region segmentation ap-
proach to simultaneously locating the boundaries of the prostate and
its two major sub-regions: the central gland and the peripheral zone.
The proposed method utilizes the prior knowledge of the spatial region
consistency and employs a customized prostate appearance model to si-
multaneously segment multiple clinically meaningful regions. We solve
the resulted challenging combinatorial optimization problem by means
of convex relaxation, for which we introduce a novel spatially continu-
ous flow-maximization model and demonstrate its duality to the investi-
gated convex relaxed optimization problem with the region consistency
constraint. Moreover, the proposed continuous max-flow model naturally
leads to a new and efficient continuous maxz-flow based algorithm, which
enjoys great advantages in numerics and can be readily implemented on
GPUs. Experiments using 15 T2-weighted 3D prostate MR images, by
inter- and intra-operator variability, demonstrate the promising perfor-
mance of the proposed approach.

Keywords: 3D Prostate MRI, Zonal Segmentation, Convex Optimiza-
tion.

1 Introduction

Prostate cancer is a major health problem in the western world, with one in six
men affected during their lifetime [I]. In diagnosing prostate cancer, transrectal
ultrasound (TRUS) guided biopsies have become the gold standard. However, the
accuracy of the TRUS guided biopsy relies on and is limited by the fidelity. Mag-
netic resonance (MR) imaging is an attractive option for guiding and monitoring
such interventions due to its superior visualization of not only the prostate, but
also its substructure and the surrounding tissues [2/3]. The fusion of 3D TRUS
and MRI provides an effective way to target biopsy needles in 3D TRUS im-
ages toward regions of the prostate containing MR identified suspicious lesions,
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which is regarded as an alternative to the more expensive and inefficient MRI-
based prostate biopsy [4] and the less accurate conventional 2D TRUS-guieded
prostate biopsy. The prostate consists of four zones: peripheral zone (PZ), central
zone (CZ), transition zone (TZ), and fibromuscular stroma [5]. During guidance
of the biopsy, the prostate is usually considered to have two visible zones on
MRI: the central gland (CG) and the peripheral zone (PZ). The CG is assumed
to be the outer contour of the prostate minus the PZ [6]. The reason for seg-
menting these regions is that up to 80% of prostate cancer are located within
the PZ [7]. Thus, the ability to superimpose the 3D TRUS image used to guide
the biopsy onto the pre-segmented regions of interest in MRI is highly desired in
a fused 3D TRUS/MRI guided biopsy system. Computer aided diagnosis (CAD)
techniques for prostate cancer can also benefit from the correct interpretation of
the zonal anatomy of the prostate since the occurrence and appearance of cancer
is dependent on its zonal location [8/9]. Furthermore, the ratio of CG volume to
whole prostate gland (WG) can be used to monitor prostate hyperplasia [10].
Many studies have focused their efforts on whole prostate segmentation from
in 3D MR images, especially in T2-weighted (T2w) 3D MR images, see [11]
for a review of the existing literature. However, only a few studies focused on
prostate zonal segmentation in 3D MRI. Allen et al. [12] proposed a method for
automatic delineation of prostate boundaries and the CG. Unfortunately, the
authors limited their segmentation to the middle region of the prostate (where
T2w contrast permits accurate segmentation), and ignored the apex and base
of the gland. Yin et al. [I3] proposed an automated CG segmentation algorithm
based on Layered Optimal Graph Image Segmentation of Multiple Objects and
Surfaces (LOGISMOS). The test set indicated that their approach obtained a
mean Dice Similarity Coefficient (DSC) of 80% for CG. The first paper about
segmenting the prostate into the PZ and CG was proposed by Makni et al. [14].
The authors proposed a modified version of the evidential C-means algorithm to
cluster voxels into their respective zones incorporating the spatial relation be-
tween voxels in 3D multispectral MR images including a T2w image, a diffusion
weighted image (DWI), and a contrast enhanced MRI (CEMRI). The obtained
mean DSCs were 87% for the central gland and 76% for the peripheral zone.
More recently, Litjens et al. [I5] proposed a pattern recognition method to clas-
sify the voxels using anatomical, intensity and texture features in multispectral
MR images. Their method obtained a DSC of 89% for the central gland and 75%
for the peripheral zone. However, in [I4] and [I5], the segmentation of prostate
peripheral zone relies on the manual segmentation of the whole prostate gland.
In [15], the authors additionally stated that they also developed an atlas-based
method to segment the prostate zones at the same time without a manual whole
prostate mask. Unfortunately, the method failed to give any favourable results.
Moreover, there are no further details about that method reported in that study.
In this work, we propose a new global optimization-based multi-region seg-
mentation approach to delineating the whole prostate gland (WG) and its sub-
regions: the central gland (CG) and peripheral zone (PZ) simultaneously from
the input 3D T2w prostate MR image. The proposed method adapts the prior
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Fig. 1. Proposed layout of anatomically consistent regions [-@Z] and contours overlaid
on a T2w prostate MRI slice The prostate region Rp is divided into two sub-
regions: central gland Rce and peripheral zone Rpz and is mutually distinct from
the background Rp. shows the proposed spatially continuous flow-maximization
scheme.

knowledge of the spatial region consistency to the segmentation of the three
prostate-associate regions. We solve the introduced challenging combinatorial
optimization problem by means of convex relaxation, for which we propose a
novel spatially continuous flow-maximization model and demonstrate its duality
to the studied convex relaxed optimization problem with the region consistency
constraint. The proposed continuous maz-flow model directly leads to a new and
efficient continuous maz-flow based algorithm, which enjoys great advantages in
numerics and can be readily implemented on GPUs. Experiments over 15 T2-
weighted 3D prostate MRIs, by inter- and intra-operator variability, demonstrate
the promising performance of the proposed approach.

To our best knowledge, this paper reports the first study on simultaneously
extracting the three clinically meaningful regions of prostate: WG, CG and PZ,
from 3D T2w MRIs. A similar continuous max-flow based method [16] was pro-
posed in parallel to address the segmentation of cardiac scar tissues from a single
Late-Enhancement Cardiac MR Image.

2 Method

We aim to segment a given 3D T2w prostate MR image I(x) into the prostate re-
gion Ry and its two mutually distinct sub-regions: the central gland Re¢ and
the peripheral zone Rpz, where Rp denotes the background (see Figure ,
ie.

2 =RwgURp, RwecNRp =0, (1)

where the two spatially coherent sub-regions: the Rog and Rpyz constitute the
whole prostate region Ry ¢ such that

Rwe = Rea URpz; ReaNRpz = 0. (2)
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The typical T2w prostate MR image shows that each of the zones Rcg and
Rpz of Rwe has a distinct intensity appearance, hence constituting the com-
plex/inhomogeneous appearance model of the prostate region Ry . This fact
makes it challenging to directly extract the correct boundaries of Ry from the
given MRI without taking such region-associated inhomogeneity into account.

We introduce a new multi-region segmentation approach to accurately and
efficiently extract Ry and its sub-regions Reg and R pz simultaneously from
the input T2w MR volume, which encodes the complex intensity appearance of
prostate by its two visually independent sub-regions and integrate such region
consistency prior into the associate optimization problem. In particular, we solve
the introduced combinatorial optimization problem by means of convex relax-
ation, for which we propose a new continuous max-flow model and demonstrate
its duality to the investigated convex relaxation problem. The introduced con-
tinuous max-flow model directly derives a new multiplier-based algorithm, which
enjoys great numerical advantages in simplicity and efficiency.

2.1 Multi-region Segmentation Model and Convex Relaxation

Given the volume image I(x), let ;(I(x)), i € L(:= {CG, PZ, B}), be the inten-
sity probability density function (PDF) of the respective region R;. In practice,
such intensity PDF models provide a global descriptor of the objects of interest
in statistics, which can be learned from either sampled pixels or given training
datasets. The appearance models of the two prostate sub-regions Rog and Rpz
are distinct from each other and, in combination, represent a proper appearance
description of the entire prostate region Ry ¢. [I7] showed that such a compos-
ite intensity appearance model was more accurate than the often-used mixture
appearance model [I§] in practice.

We therefore define the cost function D;(x), where i € L, of labeling each
pixel = to be in the prostate sub-region Rcg, Rpz or the background region
Rp by the log-likelihood of the respective PDF, i.e.

Di(z) = —log (m(I(z))), i€lL.

Consequently, the total labeling cost of segmenting the input prostate MRI I(x)
into multiple regions: Rywg URp := {RcgURpz}URp can be formulated by

; /Rl D;(z)dx.

In this work, we propose to partition the given volume image I(z) by achieving
the minimum of the total labeling cost and area such that

i D;(x)d d 3
S [ p@ae S a )

i€WGUL

subject to the constraints of the region layout () and (2.
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Let u;(z) € {0,1},7 € {WG,CG, PZ, B}, be the indicator or labeling function
of the corresponding region R;, such that

wi () .:{1, where z is inside R; , i€ {WG,CG,PZ BY}.

0, otherwise
Then, we can identically rewrite the region constraint (I) as
uwe(z) +up(x) =1, Vee (4)
and the constraints (2) of the prostate sub-regions by
uca(r) +upz(r) = uwa(zr), Ve 2. (5)

Therefore, the optimization problem (B]) can be reformulated in terms of the
labeling functions u,(x) € {0,1}, ¢ € {WG,CG, PZ, B}, as follows

min u;, Di) + / ) | Vu;(x)| do 6
s Dl D) + 3 ) Vi) (6)

1€eWGUL

subject to the labeling constraints ) and (&), where g(z) > 0 gives the edge
weight function and each weighted total-variation function of (B) measures the
weighted area of the corresponding surface OR;, i € WG U L.

In this study, we solve the challenging combinatorial optimization problem
([6) by its convex relaxation:

min u;, Di) + / Vu;(x)| de 7
L > A ) > )| )l (7)

€L 1i€EWGUL

subject to the linear equality constraints (@) and (). The binary-valued labeling
funtion u,(x) € {0,1},7 € WGUL, in (@) is relaxed into the convex-set constraint
u;(z) € [0,1] in (). Given the convex energy function of () and the linear
equality constraints (@) and (&), the complicated combinatorial optimization
problem (@) is therefore reduced to its convex optimization version ([T).

2.2 Dual Optimization Model

Now we introduce the new continuous max-flow approach to solving the proposed
convex relaxed optimization problem () efficiently, which relies on the following
flow configuration (similar as [I9)20]), see Fig.

— We add two terminals s and ¢ as the source and sink of the flows, the two image
copies 2we and 25 (w.r.t. Rwe and Rp) and the two image copies 2c¢ and
2pz (w.r.t. the prostate sub-regions Reg and Rpz).

— We link the source s to the same position x of 2w g and (25, along which an
unconstrained source flow p,(z) is defined. We link any = € 2y to the same
position x at each of 20 and £2pz, along which an unconstrained prostate flow
pwe(z) is defined. In addition, we link each pixel = of 25 and Q2¢¢ pz to the
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sink ¢, along which the respective sink flow p;(z), i € L, is given.
— Additionally, the spatial flow ¢;(z), « € WG U L, is specified at any x within
the image domain (2;.

Based upon the above settings of flows, we propose a novel continuous mazx-
flow model, which maximizes the total flow streaming from the source s, i.e.

p.q

max /Q po() dz (8)

subject to

— Flow capacity constraints: the sink flows p;(x), i € L suffice:
pi(x) < Di(z), i1€L, 9)
and the spatial flows ¢;(z), i € WG U L suffice:
lai(z)] < g(z), i€ WGUL. (10)

— Flow conservation constraints: the total flow residue vanishes at each z of the
image domain 2w g or {2p, i.e.

Gi(z) = (divg; —po+pi)(z) = 0, i€ {WG,B}; (11)
and the total flow residue also vanishes at each x of 2c¢ or 2pz, i.e.
Gi(z) = (divgi —pwe +pi)(x) =0, i€{CG,PZ}. (12)

Now we introduce the multiplier functions w;(z) to the flow conservation con-
straints of (1) and ([I2)) in the continuous maz-flow model () , which results in
the primal-dual model equivalen to (8):

maxmin L(u;p,q) := /on(x)dac + Z (us, Gi) (13)

s U
P i€EWGUL

subject to (@) and (d0).

Through analysis, we can prove the duality between the introduced three
optimization models (), (I3) and ():

Proposition 1. The continuous max-flow model (§), the primal-dual model
([@3) and the convex relaxed optimization model () are dual (equivalent) to

each other, i.e.,
B = @@ <= .

Its proof is omitted due to the limited space.

2.3 Duality-Based Algorithm

By Prop.[ it is easy to see that the convex relazed optimization model () can be
solved equally by computing the continuous maz-flow model (). Moreover, by
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the primal-dual model (I3) which is equivalent to the (8], the labeling functions
ui(x), 1 € WGUL, work as the multipliers to the corresponding linear equalities
(1) and ([I2) of flow conservation, and the energy function of (I3)) is just the
associated Lagrangian function of the continuous maz-flow model (). Hence,
an efficient continuous maz-flow algorithm can be derived upon the augmented
multiplier algorithmic scheme [21], which iteratively optimizes the associated
augmented Lagrangian function:

. C
maxmin Le(u;p,q) == L{wipq) =, D [|Gil?
P iEWGUL

subject to the flow capacity constraints (@) and (), where L(u;p, q) is the La-
grangian function ([3]). Typically, each k-th iteration of the algorithm maximizes
the L.(u;p, q) over the flow functions p and ¢ subject to the flow constraints ()
and (), and simply updates the labeling functions u;(z), ¢ € WG U L, after-
wards (the detailed algorithimic scheme is similar as in [I9I20] and omitted here
due to the limited space).

3 Experiments and Results

Image Acquisition. We applied the proposed continuous max-flow algorithm
on 15 T2w MR images acquired using a body coil. Subjects were scanned at
3 Tesla with a GE Excite HD MRI system (Milwaukee, WI, USA). All images
were acquired at 512 x 512 x 36 voxel with spacing of 0.27 x 0.27 x 2.2 mm?.

Fig. 2. Initialization scheme. (a) Axial view, (b) Sagital view, (c) orthogonal view
overlapped with an initial WG surface. Initial polygon generated by user-selected points
for WG (red), and CG (green).

Initialization. The segmentation is initialized by two closed surfaces, which
are used to approximate the CG and WG boundaries, respectively. Each of these
surfaces is constructed via a thin-plate spline fitting with the positioning of ten
to twelve initial points on the prostate or CG surface: half on the axial view and
half of the points on the sagittal view. Figure 2] shows example initializations for
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WG and CG surfaces, respectively. The smooth closed surface approximates the
prostate shape and provides a reasonably good initialization condition (see [22]
for more details). The original input volume image is cropped by enlarging the
bounding box of the initial WG surface by 30 voxels in each component direction
in order to speed up computations. The initial PDFs for each region Ry ¢, Rp,
Rcz and Rpyz, are calculated based on the user-initialized surfaces, respectively.

Evaluation Metrics. We evaluated the proposed segmentation method by
comparing the algorithm to manual segmentation results using Dice similarity
coefficient (DSC), the mean absolute surface distance (MAD) and the maximum
absolute surface distance (MAXD) [2324]. Each prostate image was sub-divided
into three regions, base, mid-gland and apex, according to the apex-base axis of
the manual segmented prostate surface (respectively 0.3, 0.4, 0.3 of the length
of the base-apex axis) [25]. All validation metrics were calculated for the entire
prostate gland, central gland and peripheral zone in the three respective regions.
In addition, the coefficient-of-variation (C'V') [26] of DSC was used to evaluate
the intra- and inter-observer variability of our method.

Accuracy. Table. 1 shows the segmentation result for 15 patient images using
the proposed method. In average the DSC was 89.1+43.3% for the whole prostate
gland, 82.3 + 2.9% for the central gland, and 69.3 + 6.8% for the peripheral
zone. More specifically, our method is capable of generating good segmentation
accuracy for the base-, mid- and apex-section of CG and WG. DSCs for the base-

(b) (c) (d)

(e) () () (h)

Fig. 3. Segmentation result of two prostates. Column 1 to column 4: resulting surface,
axial view, sagittal view, and coronal view, respectively. Red: the segmented PZ, green:
the segmented CG.
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Table 1. Overall segmentation accuracy for 15 patient images

DSC (%)

total base mid apex
PZ 69.3£6.8 54.7 + 20.8 81.8+5.0 60.14+12.2
CG 823+29 81.1+2.9 92.0+2.5 68.0+8.1
WG 89.1+3.3 84.5+£3.3 945+1.6 87.2+5.0

MAD (voxels)

total base mid apex
PZ 2.5+0.8 4.4+ 3.0 20+07 22416
CG 29+£1.0 3.3£15 3.5£22 37414
WG 1.74+05 2.6+ 1.6 22409 18+0.7

MAXD (voxels)

total base mid apex
PZ 20.8£14.0 35.4 £24.6 15.0+12.6 15.2+£9.6
CG 15.0+15.5 17.0 £+ 16.0 153+15 19.6 +9.9
WG 79439 13.8£10.4 10.8+£4.3 17.9+6.9

and apex-PZ are comparably low and have large standard deviation (54.7420.8%
and 60.1 £ 12.2%, respectively) since the segmentation for these two regions is
more challenging even for radiologists using manual segmentation due to the low
degree of recognition of such a thin structure interfered by partial volume effects
and unclear boundaries between the zones. However, a DSC of 81.8 & 5.0% for
mid-PZ is favourable, which could meet clinical requirements. In addition, the
evaluation results of MAD and MAXD are provided in Table. 1, which provides
similar consistent information to DSC.

Reproducibility. Ten images were randomly selected for evaluating the re-
producibility of the proposed method. The entire PZ, CG, and WG for each
prostate were taken into account instead of their separate sections (apex, mid
and base). Each image was segmented five times by the same observer for as-
sessing intra-observer variability in terms of DSC. Figure depicts the results
for the intra-observer variability. A mean coefficient-of-variation (CV) of 9.25%,
1.63%, and 3.36% was found for PZ, CG, and WG, respectively. To evaluate the
variability introduced by manual initialization, ten images were also segmented
by other three blinded users. The proposed method initialized by the three users
yielded a mean CV of 9.43%, 1.71%, and 3.47% for PZ, CG, and WG, respec-
tively (Fig. . It can be seen that the proposed method has low variability of
both intra- and inter-observer segmentation for CG and WG, but the observer
variability is higher for PZ.

Computation Time. The proposed continuous maz-flow algorithm was im-
plemented on GPUs (CUDA, NVIDIA Corp., Santa Clara, CA) and the user
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L 173 {174

WG WG

expl exp2 exp3 expd exps mean observerl observer2 observer3 mean

(a) intra-observer variability (b) inter-observer variability

Fig. 4. Result of intra- and inter-observer variabilities in terms of the coefficient-of-
variation (CV) of DSC

interface in Matlab (Natick, MA). The experiments were conducted on a Win-
dows desktop with an Intel i7-2600 CPU (3.4 GHz) and a GPU of NVIDIA
Geforce 580X. The segmentation time was calculated as the mean run time of
five repeated segmentations for each 3D MR image: for each patient image, the
proposed algorithm took 5 4 0.5s in addition to 35 £ 5s for initialization, and
resulted in less than 1 minute in total to segment one image volume.

4 Discussion and Conclusion

In this work, we propose and evaluate a new convex optimization-based multi-
region segmentation approach to simultaneously extracting the boundaries of
prostate and its component zones from the input 3D prostate T2w MRI, which
addresses the challenge of segmenting multiple prostate regions in a numeri-
cally sound and efficient manner. The introduced algorithm shows reliable per-
formance results with minimal user interactions using 15 patient images and
suggests itself for use in 3D TRUS/MR image guided prostate interventions and
computer aided diagnosis of prostate cancer.

The experiments showed that the proposed approach was capable of jointly
segmenting different prostate zones with promising accuracy, intra- and inter-
observer variability. In terms of accuracy, DSCs of 69.3+6.8% and 82.34+2.9% for
PZ and CG yielded by our methods were lower than 75.0+7.0% and 89.0+3.0%
reported in [I5] or 76.0 £ 6.0% and 87.0 4 4.0% reported in [14]. However, both
methods of [I514] made use of multi-spectral MR information and relied on
the manual segmentation of WG as initialization. Moreover, comparing to those
methods, the proposed method required fewer user interactions in practice.

On the other hand, the proposed method can provide good segmentation
accuracy for PZ, CG, and WG in the mid-prostate section, which is highly
desirable during image-guided prostate interventions and cancer diagnosis. To
further improve the segmentation accuracy in the basal and apical regions, future
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studies will focus on incorporating additional prior knowledge, such as texture,
shapes or information from multi-spectral MR imaging.
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