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ABSTRACT

Automatic segmentation of the prostate in transrectal ultrasound (TRUS) may improve the fusion of TRUS
with magnetic resonance imaging (MRI) for TRUS/MRI-guided prostate biopsy and local therapy. It is very
challenging to segment the prostate in TRUS images, especially for the base and apex of the prostate due to
the large shape variation and low signal-to-noise ratio. To successfully segment the whole prostate from 2D
TRUS video sequences, this paper presents a new model based algorithm using both global population-based
and adaptive local shape statistics to guide segmentation. By adaptively learning shape statistics in a local
neighborhood during the segmentation process, the algorithm can effectively capture the patient-specific shape
statistics and the large shape variations in the base and apex areas. After incorporating the learned shape
statistics into a deformable model, the proposed method can accurately segment the entire gland of the prostate
with significantly improved performance in the base and apex. The proposed method segments TRUS video in
a fully automatic fashion. In our experiments, 19 video sequences with 3064 frames in total grabbed from 19
different patients for prostate cancer biopsy were used for validation. It took about 200ms for segmenting one
frame on a Core2 1.86 GHz PC. The average mean absolute distance (MAD) error was 1.65±0.47mm for the
proposed method, compared to 2.50±0.81mm and 2.01±0.63mm for independent frame segmentation and frame
segmentation result propagation, respectively. Furthermore, the proposed method reduced the MAD errors by
49.4% and 18.9% in the base and by 55.6% and 17.7% in the apex, respectively.

Keywords: Transrectal ultrasound, prostate, image guided intervention, image segmentation, adaptive local
shape statistics.

1. INTRODUCTION

Transrectal ultrasound (TRUS) is currently the most frequently used method for image-guided biopsy and
therapy of prostate cancer due to its real-time nature, low cost, and simplicity. Accurate segmentation of the
whole prostate can play a key role in biopsy and therapy planning, and allow for surface-based registration
between TRUS and other imaging modalities (e.g. MRI) during the intervention. However, segmentation of the
prostate from TRUS is a challenging problem due to the large intensity variation of the prostate and the low
signal-to-noise ratio of TRUS. Extraction of the prostate boundary in the base and apex areas is even more
difficult because of the large shape variations in those areas.

A number of methods for prostate segmentation in TRUS images have been reported in the past decade.1–3

Model based segmentation methods have obtained considerable success due to their robustness to noise. Gong
et al.4 and Badiei et al.5 proposed methods for segmenting the prostate by warping deformable ellipses to fit
the detected edges in TRUS images. The methods took advantage of the similarity between the prostate shape
and the warped ellipse. However, the application of the method is limited to images in the mid-gland region,
where the shape of the prostate may be approximated by warped ellipse. Ladak et al.6 modeled shape statistics
to guide a manually initialized discrete dynamic contour for prostate segmentation. Shen et al.7 proposed an
automatic segmentation method for extracting prostate boundary by fitting a shape model to the output image
of a Gabor filter bank–based support vector machine. The importance of having shape statistics was illustrated
by the success of the previous methods in the mid-gland area.

However, poor segmentation performance of the 2D model based methods in the base and apex areas of the
prostate was also indicated in the previous works.7,8 There are several reasons for that. First of all, boundaries



(a) (b) (c)

Figure 1. Example images of the prostate in the (a) base, (b) mid-gland and (c) apex areas, respectively.

of the prostate in the base and apex can be quite different from patient to patient. More importantly, the
prostate shape changes significantly from frame to frame with little movement of the TRUS probe as shown in
Fig. 1. Thus, a global population-based 2D shape model is not able to capture the variation effectively for the
segmentation. Although 3D based methods may have better segmentation performance in the base and apex,9,10

they have limited use in clinical applications because 3D TRUS is still in its early stage.

In order to improve the segmentation performance in the base and apex areas, we propose to use both global
population-based and adaptive local shape statistics for segmenting the prostate in TRUS video sequences. Re-
cently, Shi et al.11 proposed to use both population-based and patient-specific shape statistics for segmenting
lung fields in serial chest radiographs. In their work, the initial several images were segmented with population-
based shape statistics. As more segmentation results became available, patient-specific shape statistics were
obtained to guide segmentation for better accuracy. Inspired by their work, the proposed method starts the seg-
mentation of the prostate in the mid-gland area using global population-based shape statistics. After segmenting
several video frames, local patient-specific shape statistics can be learned and applied to guide the segmentation.
Unlike the work in,11 this local shape statistics is adaptively updated to get local shape changes as the TRUS
probe moves. Since the local shape statistics is continuously recomputed using the new set of training shapes,
not only the patient-specific shape statistics but also the shape variations in a local neighborhood can be effec-
tively captured, which provides a very good shape prior guidance for segmentation. Therefore, the segmentation
performance of the whole prostate, especially in the base and apex areas, can be significantly improved.

2. METHOD

2.1 Deformable Contour Based Segmentation

The mechanism of deformable contours is employed in our work for segmentation, where the contour is represented
by a set of points. The prostate is segmented from TRUS video sequences by deforming the contour to minimize
an associated energy function in each frame. In our work, the energy function Et of the deformable contour for
segmenting video frame t is defined as

Et = Et
image + Et

int + Et
shape. (1)

The image term Et
image attracts the contour towards the prostate boundary by searching for prostate boundary

features in the image. The internal energy Et
int preserves the geometric shape of the contour during deformation

by applying the constraints of continuity and curvature. The energy term Et
shape is the shape constraint term

derived from a priori shape statistics.

In the proposed method, global population-based shape statistics (GPSS) and adaptive local shape statistics
(ALSS) are used to capture a priori shape information from the prostate of a population and a part of the
prostate from a specific subject, respectively. The shape constraint term Et

shape for frame t is defined as

Et
shape =

{

EGPSS , if t − t0 < N

Et
ALSS , if t − t0 ≥ N

(2)
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Figure 2. The overall scheme of the proposed TRUS video segmentation method.

where t0 is the starting frame number and N is the number of frames that are used for computing ALSS. The
shape constraint definition in (2) indicates that GPSS is used when segmenting the first N frames. After that,
ALSS can be initialized using the segmented shapes, which then takes over the shape constraint term. Once
available, ALSS will also be updated adaptively during the segmentation process as described in the following
section.

2.2 Video Segmentation Scheme

The overall segmentation scheme of the proposed method is shown in Figure 2. In our method, GPSS is first
computed by using a number of manually segmented contours obtained from a number of different subjects’
TRUS video sequences. The GPSS deformable contour defined in (1) is used to segment the initial N frames
from t0 to tN−1 independently, and the resulting shapes {Si|i = 0, . . . , N − 1} will be stored. After that, an
initial ALSS, denoted by S0→N−1, is computed by using the segmented contours from those N frames. This
ALSS is then used as the shape constraint of the deformable contour for segmenting the next frame.

As shown in the second row of Figure 2, the deformable contour using ALSS will go back to segment the first
frame of the video sequence, which is now considered as frame tN . After the segmentation is done, the obtained
prostate shape SN will be added into the training shape set and shape S0 will be removed. ALSS is learned by
using the new set of training shapes and denoted as S1→N . With the updated ALSS, the deformable contour
moves to segment the next frame tN+1 with shape SN as initialization. The learning and segmentation process
is repeated until the whole video sequence is segmented.

The advantages of the proposed method are three-fold. First, ALSS can provide more accurate prostate
shape constraint for segmenting a TRUS video sequence, because it is learned from the patient’s own data and
thus specific to the subject. More importantly, compared to the work in11 where all the segmented shapes were
used to compute patient-specific global shape statistics, ALSS is more sensitive to the local shape changes as



the TRUS probe moves to scan different regions of the prostate, since only shapes from the previous N frames
are used for learning. This can significantly improve the prostate segmentation performance in the base and
apex areas, by overcoming the large and rapid shape variations of the prostate in those areas. Finally, the
proposed method is robust to the initialization. In general, a deformable contour using GPSS can obtain good
segmentation results in the mid-gland area.6,7 Segmenting the initial N frames independently with GPSS and
using the learned ALSS to re-segment those frames can further prevent the segmentation from being guided by
an accidentally bad initialization.

2.3 Energy Terms and Optimization Algorithm

In this section, the energy terms and optimization algorithm of Eqn. (1) are described in detail. Since the most
distinctive feature of prostate boundary in TRUS is the dark-to-bright transition, the image term Eimage is
defined as the contrast of a vector along the normal direction of the deformable contour as in.12 The internal
energy term Eint is defined by the contour continuity and curvature as in.13 The PCA-based shape analysis
method used by the active shape model (ASM)14 is employed in our work for computing GPSS and ALSS.
Therefore, shape statistics S consists of a mean shape S̄, a matrix Φ of the eigenvectors, and the corresponding
eigenvalues λ.

A two-step optimization strategy is used to minimize the energy in Eqn. (1). In the first step, the iterative
shape fitting method of ASM is employed. Only the first and the third terms of Eqn. (1) are used in this step.
In each iteration, a deformable contour is first updated via a local search around its current location along the
normal directions of the contour for the dark-to-bright transition of prostate boundary. Then GPSS is used to
constrain the newly updated deformable contour according to (2). In our work, three iterations are done in a
coarse-to-fine multi-resolution fashion. The ASM fitting method is robust but not accurate enough due to the
strong shape constraint. However, it can provide a very good starting point for the deformable segmentation in
the second step. The mean shape S̄ in shape statistics S is used for initialization. It is worth noting that the
first step is only used for initializing the independent segmentation of the first N frames. After frames t0 to tN−1

are segmented, the segmentation of other frames can be initialized by using the results of their previous frame.
Therefore, step one will be skipped.

When performing deformable segmentation in the second step, the shape energy term is defined by the
Euclidean distance between the deformable contour St in frame t and an estimated shape Ŝt. That is

Et
shape = ‖St − Ŝt‖. (3)

The shape constraint Ŝt is estimated by using GPSS or ALSS according to (2). In each iteration of the deformable
segmentation, the deformable contour is updated via a local search with all the three terms of the energy function
(1) considered simultaneously. Since the internal energy term is second-order, i.e. computation of the term
requires more than one contour point, a full search for minimization is computationally very expensive. For
fast computation, the dynamic programming technique in15 is used in our work for energy minimization. It
guarantees to get the global minimum inside the search range and the computational complexity is only O(nm3),
where n is the number of contour points and m is the size of search range.

3. RESULTS AND DISCUSSIONS

The TRUS video sequences used in our experiments were obtained using an iU22 ultrasound system (Philips
Healthcare, Andover, MA). The 2D TRUS scan was performed from the base to apex of the prostate. The
TRUS images were digitized by using a video card. Each frame has 640×480 pixels. The pixel sizes of the
frame-grabbed images were 0.1493mm and 0.1798mm in 4cm and 5cm depth settings, respectively. In our
experiments, 19 video sequences with 3064 frames in total were grabbed from 19 different patients for prostate
cancer biopsy. Manual segmentations performed by an experienced radiologist were considered as the ground
truth for validation. Since the frames were continuously grabbed with a frame rate of 30fps, the change between
neighboring frames was small. Thus, the radiologist only manually segmented 301 frames from all the video
sequences with equal temporal distance from the base to apex.
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Figure 3. Variation of segmentation performance by changing the number of training shapes N for learning ALSS.

In our experiments, the deformable contour had n = 64 contour points. Three iterations of deformable
segmentation were performed for each frame. The size of search range in each iteration was m = 11, i.e. 5
search points on each side of the contour. When doing deformable segmentation, all the energy terms in (1) were
normalized into the range of [0,1]. The internal energy term and the shape constraint term were multiplied by
the weighting factors of 0.4 and 0.5, respectively.

For performance comparison, we also implemented two other methods with the same parameter settings as the
proposed method. The first method was to independently segment all the frames using GPSS (the segmentation
strategy in6 and7), which is hereafter denoted as Method-1. The second method had a very similar segmentation
scheme as the proposed method but using only GPSS, which is denoted as Method-2 in the rest of the paper.
Method-2 used the typical video segmentation strategy of propagating segmentation result of one frame to the
next for initialization to take advantages of the similarity between the neighboring frames.

For quantitatively evaluating the performance of the segmentation methods, the mean absolute distance
(MAD) error was used. Let vi and v′

i denote the ith contour point from a segmented contour and the ground
truth, respectively, after equally spaced distance-based sampling.12 The MAD is defined as

MAD =
1

n

n
∑

i=1

‖vi − v′

i‖. (4)

To see how much variation exists in the segmentation results for a particular patient image sequence, the standard
deviation of the distance error was also computed as

STD =
1

N

N
∑

j=1

√

√

√

√

1

n

n
∑

i=1

(dji − d̄j)2, (5)

where dji is the absolute distance error of the ith contour point in the jth image of a patient and d̄j is the MAD
error of the jth image.

We first carried out an experiment to determine the best training set size N for learning ALSS. For each value
of N between 1 and 20, ten randomly selected video sequences were segmented and quantitatively evaluated.
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Figure 4. Some segmentation results from the base, mid-gland and apex regions obtained by using the three different
methods (see the text) and by the expert, respectively.

Note that ALSS is the segmentation result of the previous frame when N=1. The variation of performance
by changing the value of N is shown in Figure 3. The overall smoothed red curve clearly indicates that the
segmentation error first decreased as N increased and then became larger and larger as N continued to increase
after 6. The reason is that if too few shapes are used for learning ALSS, the segmentation may be too restrictive
to the previous shapes and errors can be easily accumulated during the segmentation process. On the other
hand, if the training shape set is too big, ALSS will not be able to quickly adapt to the shape changes and thus
results in larger segmentation errors. Therefore, N=6 was chosen in our experiments and ALSS-6 is used to
indicate the proposed method for convenience.

Table 1. MAD (mm) between the ground truth and segmentations done by the three different methods described in the
text on each TRUS video sequence.

Methods Seq-1 Seq-2 Seq-3 Seq-4 Seq-5 Seq-6 Seq-7 Seq-8 Seq-9 Seq-10
Method-1 3.28 2.54 2.24 1.66 3.09 2.54 1.73 2.67 2.34 2.80
Method-2 1.85 2.68 2.00 2.56 2.44 1.05 0.84 1.53 1.93 1.79
ALSS-6 1.68 2.06 1.76 1.48 1.99 0.78 0.74 1.29 1.84 1.56

Methods Seq-11 Seq-12 Seq-13 Seq-14 Seq-15 Seq-16 Seq-17 Seq-18 Seq-19 Average
Method-1 1.66 1.20 3.01 1.63 3.02 4.73 1.92 2.97 2.53 2.53±0.81
Method-2 2.30 1.19 2.71 1.68 2.90 1.99 2.13 3.09 1.54 2.01±0.63
ALSS-6 1.69 1.02 2.17 1.76 2.66 1.82 1.65 1.92 1.47 1.65±0.47

We then segmented all the 19 video sequences using the three methods and compared their performance on
each video sequence. The results are shown in Table 1. It can be seen that ALSS-6 outperformed the other
two methods in all of the cases. In terms of the average performance over all the 19 patients, the segmentation
error of ALSS-6 was 51.8% smaller than that of Method-1 and was 21.9% smaller than that of Method-2. The
improvement in both comparisons was significant. In our work, the statistical significance was evaluated using
paired t test (p <0.05).

We also compared the performance of the three methods in the base, mid-gland, and apex regions separately.
Figure 4 shows some segmentation results of a TRUS video sequence in different regions. It can be seen that



Table 2. MAD errors (mm) of the three different methods (described in the text) in the base, mid-gland, and apex areas
over the 19 video sequences, respectively.

Region Method-1 Method-2 ALSS-6
base 2.44±1.16 1.94±1.04 1.63±0.74
mid-gland 1.46±0.57 1.45±0.54 1.21±0.49
apex 3.55±1.66 2.68±1.00 2.28±0.84

the segmentation results of ALSS-6 are generally very close to the prostate boundaries, while the other two
methods are not very accurate, especially in the base and apex areas. For quantitative evaluation, the ground
truth segmentations of each patient were sequentially divided into three groups with equal number of frames in
each group. Since the video sequence was obtained by scanning through the prostate from the base to apex, the
three groups were labeled as base, mid-gland, and apex in the specified order. The evaluation results are shown
in Table 2. Compared to Method-1 and Method-2, the segmentation performance was significantly improved in
all the regions by using ALSS-6.

The performance improvement of ALSS-6 in the base and apex regions is obvious. Compared to Method-1
and Method-2, ALSS-6 reduced the MAD errors by 49.4% and 18.9% in the base and by 55.6% and 17.7% in
the apex, respectively. It can also be observed that Method-2 performed better than Method-1 in the base and
apex regions using the same GPSS. The reason is that Method-2 adaptively exploited the similarity between
neighboring frames by using the segmented shape from the previous frame to initialize the segmentation of the
next frame, while Method-1 treated each frame independently. By initializing the segmentation in the same way
as Method-2, ALSS-6 obtained smaller segmentation errors because the large shape variations of the prostate in
those areas were effectively captured by ALSS.

The performance of the three methods in the mid-gland region is also interesting. The results obtained by
using Method-1 and Method-2 have no significant difference, which suggests that the similarity between neigh-
boring frames was not very useful when segmenting the mid-gland. Compared to those two methods, however,
ALSS-6 performed significantly better by reducing the segmentation errors by 20.8% and 19.4%, respectively.
This is due to the fact that ALSS is patient-specific and thus leads to better segmentation results than GPSS.

The proposed method was developed in C++ based on the ITK.16 The method segments TRUS video in a
fully automatic fashion. In our experiments, it took about 200ms for segmenting each frame on a Core2 1.86
GHz PC.

4. CONCLUSIONS

In this paper, we proposed learning local shape statistics adaptively for segmenting the prostate in 2D TRUS video
sequences. By incorporating ALSS into a deformable contour, more accurate segmentation results were obtained
for whole prostate segmentation as compared to other techniques. In particular, segmentation performance in the
base and apex regions was significantly improved. To the best of our knowledge, this is the first method in the
field that can successfully segment the base and apex of the prostate in 2D TRUS by using the patient-specific
and locally adaptive shape statistics. The proposed segmentation strategy may also be applied to 3D TRUS
video segmentation in the future.
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