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a b s t r a c t

Prostate segmentation from transrectal ultrasound (TRUS) images plays an important role in the diag-
nosis and treatment planning of prostate cancer. In this paper, a fully automatic slice-based segmentation
method was developed to segment TRUS prostate images. The initial prostate contour was determined
using a novel method based on the radial bas-relief (RBR) method, and a false edge removal algorithm
proposed here in. 2D slice-based propagation was used in which the contour on each image slice was
deformed using a level-set evolution model, which was driven by edge-based and region-based energy
fields generated by dyadic wavelet transform. The optimized contour on an image slice propagated to the
adjacent slice, and subsequently deformed using the level-set model. The propagation continued until all
image slices were segmented. To determine the initial slice where the propagation began, the initial
prostate contour was deformed individually on each transverse image. A method was developed to self-
assess the accuracy of the deformed contour based on the average image intensity inside and outside of
the contour. The transverse image on which highest accuracy was attained was chosen to be the initial
slice for the propagation process. Evaluation was performed for 336 transverse images from 15 prostates
that include images acquired at mid-gland, base and apex regions of the prostates. The average mean
absolute difference (MAD) between algorithm and manual segmentations was 0.7970.26 mm, which is
comparable to results produced by previously published semi-automatic segmentation methods. Sta-
tistical evaluation shows that accurate segmentation was not only obtained at the mid-gland, but also at
the base and apex regions.

& 2016 Elsevier Ltd. All rights reserved.
1. Introduction

Prostate cancer is the second most common cancer for males
behind skin cancer in United States, with an estimated new cases
of 180,890 in 2016 [1]. In Hong Kong, prostate cancer is the fifth
leading cause of cancer deaths in male and there is an increasing
trend in both number of deaths and death rate of this disease [2].
Due to its cost effectiveness and real-time nature, transrectal ul-
trasound images (TRUS) is commonly used to determine the
boundaries and volumes of prostates in different treatment stra-
tegies, such as prostate brachytherapy, high intensity focused ul-
trasound and cryotherapy [3,4]. For example, in brachytherapy, a
standard preparation step is to perform a TRUS “volume study” [5–
7], which measures the size and the position of the prostate. These
measurements assist physicians to plan the number and the pla-
cement of radioactive seeds used in the implantation. Prostate
volume measurement is also essential in determining prostate
specific antigen (PSA) density, which is obtained by normalizing
PSA concentration with prostate volume. Although the PSA test is
one of the best screening tools of prostate cancer, it is associated
with a low specificity because other conditions, such as benign
prostatic disease and prostatitis, could also result in an increased
PSA concentration. The introduction of PSA density has been
shown to increase the specificity in detecting prostate cancer [8].
Although this volume study was performed using MR imaging in
some centres, it is not yet a common practice due to the cost in-
volved in MR scanning [7]. Another goal of TRUS volume study is
to assess whether there is a significant pubic arch interference,
which would prevent proper placement of radioactive seeds [3].
Although computed tomography (CT) can be used for the same
purpose, TRUS is more cost-effective and results in a more accu-
rate estimation [9].

In the diagnosis of prostate cancer, TRUS-guided biopsy is
considered as the standard approach. A major limitation of TRUS-
guided biopsy is that it is not a targeted biopsy approach. Since
prostate cancer cannot usually be seen by ultrasound, locations
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where biopsy is performed are determined by protocols estab-
lished based on previous clinical observations [10]. For this reason,
lesions are frequently missed in the first TRUS-guided biopsy [11–
14], which necessitates repeated biopsies, contributing to in-
creased anxiety, pain and morbidity for patients. MRI-TRUS fusion
has been introduced to increase the yield of the biopsy procedure.
Many MRI-TRUS registration algorithms are boundary-based [15–
17] and therefore require efficient and reproducible algorithms to
segment the prostate from TRUS intra-operatively as a prerequisite
for registration.

Although prostate segmentation can be achieved by manual
planimetry, manual segmentation of a large number of the pros-
tate transverse images is time consuming and subject to observer
variability. Therefore, there is a requirement of a reliable and ac-
curate method to detect the prostate boundaries. Although many
segmentation methods have been introduced over the last two
decades and survey articles have been written to review these
methods [4,18,19], very few are fully automated. One important
disadvantage of semi-automated techniques is related to seg-
mentation variability introduced by observer intervention. The
reproducibility study performed in Ding et al. [20] demonstrated
that local segmentation variability measured from five repeated
segmentations by the algorithm was higher than manual seg-
mentations, even though the observer was required to enter only
four initial points on an image rotationally resliced from a 3D
prostate ultrasound image. This issue motivates the fully auto-
mated segmentation method described in this paper. Since many
prostate segmentation methods from TRUS have been introduced
in the last 20 years (see Table 5 of Ghose et al. [19]), in the fol-
lowing review, we will restrict our attention to previously de-
scribed fully automated segmentation methods. For a detailed
discussion of semi-automated segmentation methods, readers are
referred to the review articles mentioned above [4,18,19] and re-
ferences therein.

Liu et al. [21] developed an efficient radial bas-relief (RBR)
method that involved taking the difference between the original
image and an enlarged image to obtain an edge map, referred to as
RBR image, which was subsequently smoothed and skeletonized to
generate thin boundary. Harmonic curve fitting [22] was used to
generate a closed prostate contour. Although RBR has been shown
to be able to detect prostate boundaries in ultrasound images, the
accuracy of the prostate contour generated by curve fitting was not
extensively validated. The authors acknowledged that the contour
would be attracted to spurious edges in the skeletonized images,
and spurious edges are likely to appear as the intensity of the
prostate is inhomogeneous due to noise and speckle. The prostate
contour would also be inaccurate in regions when edges did not
appear on the skeletonized image due to the shadowing artifact.

Knoll et al. [23] applied a matched filter to align the TRUS
image with a number of prostate templates and identified the
template with the best matching result as the initial contour,
which was deformed by a snake algorithm with shape constraints
imposed on the deformation of the model. However, very few
template models were used, thereby limiting its ability to segment
prostates with irregular shapes. Shen et al. [24] used ten prostate
boundaries to construct a prostate shape model. The initial
boundary was obtained by placing the lower boundary of prostate
shape model close to the ultrasound probe's boundary and ap-
plying a series of transformations to optimize the energy field
defined based on rotational invariant Gabor features computed
with respect to the TRUS probe. The initial contour was then de-
formed based on the Gabor features in a hierarchical fashion.
However, this was a preliminary study in which the algorithm was
evaluated on only eight images. In addition, as pointed out in
Noble et al. [18], ten manually segmented prostates were likely not
enough to train a prostate model that can representatively
characterize geometric variability of prostates. Computing the
multi-scale, multi-orientation Gabor features were also computa-
tional intensive. The segmentation time of 64 s per prostate is too
long for TRUS guided intervention.

Cosío et al. [25] classified 3D feature vector of each pixel, which
incorporated location and intensity information, using a Bayesian
classification scheme to identify regions within the prostate and
represent the classification result as a binary image with the
prostate in the foreground. Four pose parameters (including
translation along x- and y-axis, scale and rotation) and the two
most significant shape parameters of the active shape model
(ASM) were globally optimized on the binary image using a multi-
population genetic algorithm (MPGA) to obtain an approximate
initial prostate boundary. These six parameters were adjusted on
the original grey-level image. Subsequently, with the four pose
and two shape parameters keeping constant, a final ASM search
optimized the least significant eight shape parameters to produce
the final prostate boundary. Although MPGA was effective in in-
itializing the prostate boundary, it was computationally intensive
and took 11 min to segment an image slice. In addition, as the
pixel location was one of the features used in estimating Bayes’
discriminant function, there was an underlying assumption that
prostates were located in similar location in all images. This as-
sumption can be made in Cosío's study because the algorithm
aimed to segment images close to the mid-gland. However, such
an assumption could not be made when segmenting a sequence of
prostate images acquired from the base to the apex of the prostate,
which is what we attempt to achieve in this paper. As an example,
Fig. 1 shows the ultrasound images of a prostate that was seg-
mented using the proposed algorithm. There is a high variability in
the location and the geometry of the prostate boundaries when
traversing from the base to apex. Therefore, any prior assumption
of the prostate location is not appropriate.

Yan et al. [26] used 62 prostate contours to build a point dis-
tribution model (PDM). The mean shape generated by the model
was superimposed with the image, producing the “seed contour”.
Each point on the seed contour was then moved along the normal
direction of the contour to a location with strongest intensity
transition. The mean shape was then transformed to align with the
contour processed by this pointwise adjustment. This process it-
erated starting on a coarse image and proceeding to a finer image.
The contour obtained at the finest image was considered the final
initial contour. The authors introduced a partial ASM (PASM) fra-
mework that involved discarding vertices on this final initial
contour lying on the shadow regions and recalculating shape
parameters in the PDM. The new contour was generated based on
the new shape parameters and optimized using a discrete de-
formable model. However, the paper did not provide details on
how the mean shape was oriented to initially align with the image
to produce the “seed contour”, and it was the determination of
initial pose parameters that was most difficult and computation-
ally intensive as demonstrated in Cosío's algorithm [25]. If the
“seed contour” has a major misalignment with the prostate
boundary, it is not likely that subsequent steps (including point-
wise adjustment and further deformation) would produce an ac-
curate boundary. Wu et al. [27] optimized an initial model by ex-
ploring along the normal vector profile of each vertex of the initial
model. In addition to contrast along the profile considered by Yan
et al. [28], they optimized a cost function that took into con-
sideration of the similarity of the Gabor features at each vertex
with those obtained at the corresponding vertex in a trained
model. They then iteratively aligned the prostate contour to the
mean shape of a training set using a non-parametric statistical
shape model. The segmented results on mid-gland prostate slices
were promising, but the algorithm was not evaluated on the base
and apex regions of the prostates.



Fig. 1. An example prostate with transverse ultrasound image obtained at (a) apex,
(b) mid-gland and (c) base regions.
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Ghose et al. [29] used a Bayesian framework to obtain posterior
probability of a pixel being prostate, and use this posterior prob-
ability in place of the intensity to build an active appearance
model (AAM) [30]. The centroid of the prostate was obtained from
the posterior probability distribution and used to initialize the
AAM. As in Cosío et al. [25], there was an underlying assumption
that prostates are located in similar location in all images as the
pixel location was one of the features used in the posterior prob-
ability estimation. While accurate segmentation was generated for
the mid-gland prostate images used in evaluating this algorithm,
the author acknowledged that the effectiveness of this algorithm
for segmenting images acquired at the base and apex of the
prostate was not validated. In addition, to account for the inter-
subject variability of the prostates, grouping of similar prostates
was performed and a model was built for each group of prostates.
A prostate was segmented using these models, and the segmented
result associated with the smallest fitting error was chosen as the
final result. The grouping procedure depended on an empirical
threshold, which was required to be manually tuned. This re-
quirement of parameter tuning introduced observer variability and
made the algorithm more time-consuming as segmentations may
be required to be performed for multiple times to arrive at the
optimal results. In an improved version of the algorithm [31], the
authors introduced a spectral clustering procedure to perform this
grouping, which eliminated the parameter tuning requirements
and significantly accelerated the algorithm. In addition, the algo-
rithm was evaluated at the base and apex regions as well as the
mid-gland regions of the prostates.

Some more recent automatic algorithms combined the classi-
fication and contour-based approaches of segmentation [32,33].
These methods used a classification approach to identify pixels
inside or outside the prostate and then used a statistical model
obtained in training to enclose the pixels classified as prostate. The
initial contour thus generated may be further optimized using a
deformable model. The model introduced in Yang and Fei [32]
involved extraction of image features from Gabor filter banks and
training of a kernel support vector machine. The authors used a
method to obtain the prostate surface from the classification re-
sults, but did not give detail of the method used for extracting the
prostate surface. This method required testing and training images
to be similar (pre-biopsy and post-biospy images of the same
population were used for training and testing respectively),
thereby limiting the ability of the method to segment images that
are not represented in the training set. Wu et al. [33] extracted
Gabor features in an orientation depending on the centre of the
probe. They divided the image into a number of arc-shaped strips,
in each of which they classified each pixel into three classes:
prostate boundary, inside and outside boundary regions. They
then applied a level-set approach to maximize the dark-to-bright
transition from the inside to outside of the boundary and the
agreement between the segmented contour with the initial clas-
sification results. The evaluation showed promising segmentation
results on mid-gland as well as apex and base images. However,
the feature extraction and classification step were rather compu-
tationally intensive, limiting its use in TRUS-guided surgery.

This study focuses on developing and validating an efficient
fully automated prostate segmentation framework that can accu-
rately segment prostates with a wide range of geometric varia-
bility. Instead of training a statistical model to describe the pros-
tate shapes in a population of subjects, we took advantage of the
similarity of prostate shapes displayed on contiguous transverse
images. Two major novelties were introduced in the proposed
algorithm. First, the most prominent edges within the image se-
quence typically appear in a series of few contiguous images close
to the mid-gland. Emphasizing edge features along the prostate
boundary by summing edge maps generated for a TRUS image
sequence created a contrast between edge features along the
prostate boundary and those that are not part of the prostate
boundary. The contrast allowed prostate edges to be extracted,
which was subsequently used to construct the initial prostate
boundary. Second, the 2D slice-based propagation approach
[20,34] was adopted, in which the contour obtained on a given
transverse slice was propagated to its contiguous slice as the initial
contour. However, for a fully automated approach, there is a re-
quirement to identify the slice where the propagation begins. As
the edge features along the prostate boundary in the mid-gland
are likely to be more pronounced, the initial boundary extracted is
expected to resemble the prostate boundary in one of the mid-
gland images within the sequence. As contour deformation models
rely on an accurate initial boundary, it is most appropriate to start
the propagation from this mid-gland image. In the proposed al-
gorithm, the initial contour was allowed to be deformed in-
dividually in each TRUS images of a sequence. The segmentation
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accuracy on each image was assessed by a novel automatic error
detection mechanism. The transverse image associated with the
most “accurate” segmentation was chosen to be the initial trans-
verse image from which the propagation starts. The final seg-
mentation was evaluated against manually segmented contours
using distance- and area-based metrics described in Chiu et al.
[35].

Preliminary results from this study have been previously pub-
lished in a four-page conference proceeding [36]. This paper sub-
stantially extends the conference paper, with a much improved
method for initializing the prostate boundary, the introduction of
the error detection mechanism to improve segmentation accuracy,
more images for evaluation and the presentation of statistical tests
to evaluate the performance of the algorithm.
2. Methods

Fig. 2 shows the flowchart of the proposed algorithm. The in-
itialization of prostate contour is described in Section 2.1. The in-
itial contour was deformed using a level-set curve evolution fra-
mework [37], driven by the edge-based and the region-based
energy fields. The dyadic wavelet transform (DWT) generates two
sets of coefficients: wavelet and approximate coefficients [35]. The
wavelet coefficients can be considered as the output of an edge
detection filter and the approximate coefficients the output of a
smoothing filter. The edge-based and the region-based energy
fields were constructed using the wavelet and approximate coef-
ficients respectively as described in Section 2.2. The curve evolu-
tion framework is described in Section 2.3. In slice-based propa-
gation, there is a requirement to determine from which transverse
image the segmentation process should start propagating. We
introduce a method to determine the starting slice in Section 2.4.
The initial contour was optimized on the starting slice, and the
final contour was propagated to contiguous transverse image as
the initial contour that was subsequently deformed using the
deformable model described in Section 2.3. The propagation con-
tinued until all images had been segmented. Finally, the pipeline
we propose includes an error detection mechanism to identify
points that are inaccurate based on the grey-level intensity within
the neighbourhood of each boundary point. This mechanism is
described in Section 2.4. After the completion of the slice-based
propagation, the suspicious points were highlighted and the users
could determine whether or not to edit the highlighted points
before the final contour was produced.
Fig. 2. Schematic of the proposed prostate segmentation algorithm.
2.1. Initialization

We applied the radial bas-relief (RBR) technique [21] to gen-
erate edge maps for each transverse image of the prostate. Briefly,
the intensity of each image is first normalized by subtracting the
intensity at each pixel, ( )o x y, , by the minimum intensity over the
whole image, omin:

( ) = ( ) − ( )r x y o x y o, , 1min

Then, RBR involved inverting the normalized image, enlarging the
inverted image about the image centre by a factor k ( >1), and
summing the normalized and the inverted image:

( ) = ( ) + − ( ) = + ( ) − ( ) ( )g x y r x y r kx ky r x y r kx ky, , 255 , 255 , , , 2

which is equivalent to offsetting the difference between the nor-
malized image, r, and its enlarged version by 255. Since the
prostate has a dark-to-bright transition from its centre,

( ) > ( )r x y r kx ky, , at the prostate boundary. Thus, the pixels along
the prostate boundary are associated with a g value of greater than
255, which was used as a threshold to highlight edge features. The
resulting binary image was smoothed using morphological dila-
tion and erosion operations. Finally, the boundary regions with an
area greater than 1% of the image area were retained, and the
smaller boundary areas were discarded to eliminate edge features
generated by noise. We integrated the information obtained in
RBR edge maps corresponding to all transverse images of a pros-
tate to identify the prostate region as described below.

For each transverse image of the prostate as shown in the first
column of Fig. 3, a binary RBR edge map was generated as shown
in the second column of Fig. 3 with edge features coloured in
white. The binary images generated for all transverse images were
summed, producing an image that highlighted the most pro-
nounced edge features in the image sequence as shown in Fig. 3.
We denote this image as I1 and the range of grey-level values in
this image is from 0 to the total number of images in this image
sequence, denoted by N to facilitate later discussion. Although the
prostate boundary has been highlighted in I1, other pronounced
edge features, such as the echo from the pubic arch, were also
detected (see white arrows in the second column of Fig. 3). Before
extracting the initial boundary, we took the following two steps to
filter out the non-boundary edge features.

Fig. 4 shows the schematic of the first step. Here, we first es-
timated the prostate region by binarizing I1 using thresholds from
1 to N. We denote the binary image obtained using the threshold t
as Bt (second column in Fig. 4). Regions where I1 has a grey-level
higher than or equal to the threshold were coloured white. We
define a hole as a black region fully surrounded by white pixels.
There could be multiple holes in each Bt. We found the largest hole
in each Bt, and denote its area in pixels as S(t). The largest hole in
slice = ( )= …t S targmaxmax t N1,2, , with size ( )S tmax served as the in-
itial prostate region. In the example prostate shown in Fig. 4,

=t 8max and the initial prostate region has a size of ( ) =S 8 18, 532
pixels, the centroid of which is represented by a white asterisk in
the right subfigure in Fig. 4.

Fig. 5 shows the schematic of the second step. Here, the loca-
tion of this centroid was used to detect non-boundary edge fea-
tures to be removed. The first column shows the binarized RBR
edge maps obtained earlier for each transverse image of the
prostate. The white pixels in each RBR images were grouped into
multiple connected regions, with each connected region colour-
coded in the same colour in the second column of Fig. 5. In each
colour-coded map, such as that shown in Fig. 6 generated for an
example image, a ray was cast from the centroid of the initial
prostate region to each pixel inside each connected region Ci. If the
line intersected another connected region before reaching the



Fig. 3. Summation of RBR edge maps obtained for the image sequence of an example prostate. { } =RBRi i 1
27 denote the RBR edge maps generated for Images 1–27 of an example

prostate.
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pixel, the connected region Ci would be removed from the binar-
ized RBR images. For example, since the line from the centroid to a
pixel inside the connected region C2 intersects connected region
C5, C2 was discarded. After this edge feature removal operationwas
performed for each binarized RBR images of a prostate, these bi-
narized images were summed again to obtain an image denoted
by I2 in Fig. 5, which is a version of I1 in Fig. 4 with non-boundary
edge features removed.

I2 obtained for an example prostate was shown in Fig. 7(a). This
image was subsequently thresholded using Otsu's method [38],
resulting in the binary image shown in Fig. 7(b). As the edges in
this image are thick, the inner and outer boundaries were first
extracted, from which a centreline was generated to serve as the
initial prostate contour. We first sampled an outer boundary from
the thresholded I2 as shown in Fig. 7(b). The outer boundary is
represented by the blue closed contour. A binary image was gen-
erated with pixels inside the outer boundary assigned a value of
1 and displayed in Fig. 7(c). This binary image was then subtracted
by the thresholded I2 shown in Fig. 7(b), resulting in the image
shown in Fig. 7(d). However, the region inside the inner boundary
could not be extracted by this subtraction alone because (i) there
were holes inside the thick boundary displayed in Fig. 7(b) and (ii)
the sampled boundary was only a discrete approximation of the
outer boundary of the thick edge. Part of the thick edge may be
outside the sampled boundary. We extracted the prostate region
inside the inner boundary by retrieving the largest connected
component from Fig. 7(d). The result is shown in Fig. 7(e). The
inner boundary was obtained by sampling the boundary of this
region. Then we established correspondence between the inner
and outer boundaries we obtained by sampling these two
boundaries at 60 radial angles about the centroid of the initial
prostate region obtained earlier. Corresponding points on the in-
ner and outer boundaries were averaged to obtain the initial
prostate contour. In Fig. 7(f), the inner, outer boundaries and their
centreline were represented in red, blue and green respectively.
Sampled points in the inner and outer boundaries, as well as their
mean points constituting the centreline, were marked with
asterisks.

2.2. DWT-based smoothing and edge-detection filters

Because the TRUS image of the prostate is associated with low
signal-to-noise ratio and the abundance of edge features that are
not part of the prostate boundary, only using the edge features and
constraining the smoothness of the curve as in conventional snake
models may not be able to drive the deformable contour to the
correct prostate boundary. Although the prostate appears in-
homogeneous in TRUS image, the pixel intensity inside the pros-
tate is on average darker than the background. Therefore, in this
paper, a region-based energy field was used in combination of the
conventional snake energy field (which drives the contour to
strong edges while keeping the curve smoothness) to drive the
active contour model in this paper. The DWT algorithm was ap-
plied in extracting edge features and intensity information of the
TRUS image to be used in constructing the energy fields. As pre-
viously described [35], DWT is a recursive decomposition algo-
rithm that starts from the original image, which is considered as
the level-0 approximate coefficients. At Iteration j, DWT



Fig. 5. Schematic of the false edge removal operation. { } =RBRi i 1
27 denote the RBR edge maps generated for Images 1–27 of an example prostate. The second column shows the

edge maps with each connected region colour-coded in the same colour. The third column shows the edge maps with false edge removed, which were subsequently summed
up to produce I2. Refer to Fig. 6 for more details regarding the edge removal operation. (For interpretation of the references to colour in this figure caption, the reader is
referred to the web version of this paper.)

Fig. 4. Initial estimation of prostate centroid. I1 is the summation of RBR edge maps shown in Fig 3. Bt denotes the image obtained by binarizing I1 with a thresholed t. S(t)
denotes the size of the largest hole detected in Bt. tmax is the slice with largest S(t). The prostate centroid was initially estimated as the centroid of the largest hole detected.
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Fig. 6. Connected regions in the edge map that are partially blocked along the line
of sight of the centroid were removed. Here C1, C2 and C3 were removed.
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decomposes the level-(j�1) approximate coefficients into the le-
vel-j approximate coefficients and two sets of level-j wavelet
coefficients. The former can be considered as the smoothed image
obtained at scale j, which was used as a component in the
Fig. 7. Determination of the initial contour. (a) I2, summed RBR edge maps with false e
boundary of the region superimposed. (c) A binary region of interest mask generated by
by the binarized I2 shown in Image b. (e) The largest connected region in Image d and w
Image e) and the outer boundary (Blue from Image b) were sampled. Each pair of corresp
initial boundary for further optimization. (For interpretation of the references to colour
construction of the region-based energy field in the deformable
model described in Section 2.3. The two sets of wavelet coeffi-
cients are proportional to the horizontal and vertical components
of the gradient vector associated with the level-(j�1) smoothed
image, and were used to construct the edge-based energy field in
the deformable model. In this paper, the scale j was chosen by
parameter tuning as described in Section 2.3. The approximate
coefficient and modulus of the two sets of wavelet coefficients
obtained for an example prostate image are shown in Fig. 8.

2.3. Level-set based deformable model

We applied the level-set active contour framework described in
Adalsteinsson et al. [39] to deform the initial contour generated in
Section 2.1. This method performs level-set update only in a thin
band surrounding the zero-level set, thereby speeding up the le-
vel-set evolution and reducing computational time required for
boundary optimization. Let Ω ⊂ R2 represent image domain and
dge removed. (b) Binarized I2 based on Otsu's thresholding method with the outer
filling the inside of the contour in Image b by a value of 1. (d) Image in c subtracted
ith the boundary of the region represented in red. (f) The inner boundary (Red from
onding vertices was averaged resulting in the green boundary, which served as the
in the text, the reader is referred to the web version of this paper.)



Fig. 8. Original ultrasound image and energy fields derived from dyadic wavelet
transform. (a) Original image. (b) Approximate coefficient. (c) The modulus of the
two sets of wavelet coefficients.
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Ω →I R: be the input image. Ω→C R: is the contour to be de-
formed. C is implicitly represented by zero-level set of ϕ ( )x y, (i.e.,

Ω ϕ= {( ) ∈ | ( ) = }C x y x y, , 0 ). ϕ ( )x y, was assigned to be the signed
distance from the initial prostate contour at the beginning, where
ϕ ( ) >x y, 0 inside the initial contour. The level-set evolution was
governed by the following equation:
ϕ ϕ∂ ( )
∂

+ ∇ |∇ ( )| = ( )
x

t
E x 0, 3

where E is the objective function defined as:

α β= + ( )E E E , 4snake region

where Esnake and Eregion are the edge-based and region based en-
ergy fields, which are described in the subsections below. α and β
are constants used to balance the influence of the two energy
fields. The evolution terminated when the area of the segmented
region between two iterations was smaller than 1/500 square
pixels or 250 iterations had been performed.

Esnake is a function of the modulus of the two sets of wavelet
coefficients (Fig. 8(c)), the distance between the contour and the
initial contour, denoted by C0, and the smoothness of the contour
as given by [40]:

∫ μ( ) = [ ( ( )) + | ( ( ))|]| ′( )| ( )E C g C s d C C s C s ds, 5snake M
0

1

0

where Ω( ) → ∈C s R R: 2 is a contour parameterized with s ranging
from 0 to 1, ( ) = ( ) − ( )g x y M M x y, max ,M , in which M represents
the wavelet coefficient obtained in Section 2.2. ( ( ))d C x y, ,0 is the
signed distance between a point ( )x y, to the initial contour C0. The
first term drives the contour towards edge features. The second
term penalizes the distance from the initial contour obtained in
Section 2.1. Shadowing in ultrasound may produce gaps on the
prostate boundary. Since the prostate shape appears in adjacent
transverse images are similar, the gap can be bridged by taking
advantage of the edge features in neighbouring slices. As edge
information in neighbouring slices are incorporated in the initial
contour, gaps on prostate boundary were bridged by following the
trajectory of the initial contour (i.e., minimizing the distance from
the initial contour). μ is a constant that controls the influence of
this term. Both the first and second terms were multiplied by the
magnitude of the derivative of the curve to maintain a degree of
smoothness.

Eregion is a region-based energy field similar to that described in
Chan and Vese [41] that captures the difference in intensity be-
tween the inside and the outside of the boundary of the object to
be segmented. However, we calculated the region-based energy
field on the smoothed image generated using DWT as described in
Section 2.2. to reduce the effects of noise in ultrasound image:

∫
∫

( ) = [ ( ) − ( )]

+ [ ( ) − ( )]
( )

( )

( )

E C A x y U x y dxdy

A x y U x y dxdy

, ,

, , ,
6

region
interior C

in

exterior C
out

2

2

where C is the parameterized closed contour as in Eq. (3), A is the
smoothed image obtained using DWT as described in Section 2.2.
A limitation of energy field described by Chan and Vese [41] was
the assumption that image intensity is homogeneous inside the
object to be segmented. This assumption could not be made for
the highly inhomogeneous appearance of the prostate region in-
side TRUS images. To address this issue, instead of computing Uin

globally by averaging A over the whole area enclosed by the
contour, we applied a local definition of Uin described in [42]. For
each pixel (x,y), this local Uin was defined as a normalized
weighted average of A in the neighbourhood of (x,y). The weight
was assigned by a Gaussian kernel centred at (x,y) with a standard
deviation of r, denoted by

( ) = − ( − ) + ( − )
( )

( )
⎡
⎣⎢

⎤
⎦⎥G u v

u x v y
r

, exp
2 7

x y r, ,

2 2

2

( )U x y,in and ( )U x y,out are given by:
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Notably, the segmentation result produced by this model depends
on a number of parameters that control the weight of energy
terms (i.e., α, μ, β), the standard deviation of the Gaussian kernel
(i.e., r) and the scale parameter j associated with wavelet trans-
form introduced in Section 2.2. These parameters were initialized
empirically and optimized sequentially by changing a single
parameter at a time while keeping other parameters constant. The
parameter giving the minimum average MAD for the training
prostate was chosen as optimum. This is a sequential optimum
search and thus the optimized parameter values are not guaran-
teed to be the global optimum.

2.4. Segmentation propagation

Fig. 9 shows a schematic of the segmentation propagation op-
eration. An objective selection rule was required to determine
from which transverse slice the slice-based propagation should
begin. The initial contour obtained in Section 2.1 was super-
imposed and optimized on all transverse images individually by
the deformable model introduced in Section 2.3 (Fig. 9(b)). The
segmented contour on each image was uniformly sampled at
0.22 mm interval. An error detection mechanism was designed to
automatically identify points that are suspected to be inaccurate
(referred to as “suspicious points” hereafter) from the resulting
contour. Since the prostate boundary is brighter than regions in-
side the prostate, suspicious point on the contour was defined as
Fig. 9. Schematic of the segment
the point with an average greyscale value inside the contour that is
greater than that outside. First, we defined a circular marker with
the radius r (i.e., the size of the Gaussian kernel described in
Section 2.3 (black circle in Fig. 10)) at each point along the contour.
The area enclosed by the circular marker is partly outside and
partly inside the prostate boundary. The average grey levels of the
regions inside and outside were separately computed and denoted
by ( )I x y,in and ( )I x y,out , respectively. A point (x,y) on the prostate
boundary was classified as suspicious if ( ) > ( )I x y I x y, ,in out . The
suspicious ratio SR is defined for each prostate boundary as a
metric to estimate its accuracy:

=
( )

SR
N
N 10

susp

total

where Nsusp and Ntotal denote the number of suspicious points and
the total number of points respectively. Each of the contours on
the image sequence was equipped with a suspicious ratio. Seg-
mentation propagation started on the slice with the smallest
suspicious ratio. In case of a tie, the slice closest to the mid-gland
was chosen as the initial slice. The optimized contour on this in-
itial slice was propagated to adjacent slice as the initial contour,
which was subsequently deformed. This segmentation process
propagated towards the base and the apex until all images of the
prostate had been segmented. Fig. 11 shows the suspicious ratio in
contiguous images of an example prostate. Here, five image slices
have the same suspicious ratio of 0. The slice closest to the mid-
gland was chosen from these five slices.

2.5. Manual intervention

After the full automatic segmentation has completed, a user
has an opportunity to edit the points picked up by the error de-
tection mechanism described in Section 2.4. To improve the effi-
ciency of this editing process, we highlighted the segments on the
prostate boundary consisting of at least one suspicious point
ation propagation operation.



Fig. 10. Identification of potentially inaccurate point (or suspicious point). To assess
whether a point on the prostate boundary is likely to be inaccurate, a circular
neighbourhood centreing at the point was defined. Within this neighbourhood, the
average gray level inside (Green) and outside (Red) the prostate were computed,
and denoted by Iin and Iout, respectively. Vertices were labelled suspicious if

>I Iin out , such as the segment coloured in yellow. (For interpretation of the refer-
ences to colour in the text, the reader is referred to the web version of this paper.)

Fig. 11. Suspicious ratio of an example prostate computed for each transverse slice.

Table 1
Parameters and their optimized values in this work.

Term Parameter Value

Edge term α 5
Shape term μ 1
Region term β 2
Local region marker r 3
The scale of the wavelet j 5
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(referred to suspicious segments hereafter) as shown in Fig. 10. In
this work, we only edited points along these suspicious segments.
Results after this editing procedure are reported in the result
section.

2.6. Data and evaluation methods

16 patients scheduled for brachytherapy were involved in this
study. The ultrasound images were acquired with a transrectal
ultrasound (TRUS) transducer coupled to a 3D TRUS system de-
veloped by Fenster et al. [43]. The size of each image is 468�354
pixels, each pixel of approximate size 0.22 mm�0.22 mm. An
expert radiologist manually outlined images for which he decided
prostate boundaries can be detected reliably. The 2D slice-based
propagation segmented all images in a sequence that were
manually segmented. The manual outlines served as gold standard
in the evaluation process. The TRUS images acquired for one pa-
tient was used for tuning parameters as described in Section 2.3,
and a total of 336 2D TRUS images acquired for the remaining 15
patients were used in evaluation. The optimum parameters were
tabulated in Table 1.

Three distance-based (a, b, c below) and three area-based
metrics (d, e, f below) were used to quantify the difference be-
tween the manually outlined contour and the computer generated
contour C: (a) MAD, the mean absolute distance, (b) MAXD, the
maximum difference, (c) PC, the percentage of the vertices with
the distances to the manual contour M less than 5 pixels, (d) AO,
the percent area overlap, (e) AD, the percent area difference and (f)
DSC, the Dice similarity coefficient. They are defined as follows
[35]:
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( )=

MAD d c M,
11i

K

i
1

= ( )
( )∈[ ]
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12i K

i
1,

= ∈ ( ) <
( )PC
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K

. : , 5
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i i

Ω Ω
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M

Ω Ω
Ω Ω

= ∩
+

×
( )

DSC 2 100%
16
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where |·| denotes the area of the operand, C is a set of vertices,
denoted by { = … }c i K: 1i , produced by uniformly sampling the
level-set contour at 0.22 mm interval where K is the total number
of vertices representing the contour, ( )d c M,i is the minimum
distance from the vertex ci to manually outlined contour. ΩS and
ΩM denote the regions inside the computer-generated contour C
and manually outline contour M respectively. The averages of
MAD,MAXD, PC, AO, AD and DSC for the entire set of 336 transverse
images from 15 prostates were calculated to evaluate the perfor-
mance of the proposed algorithm.
3. Results

3.1. Performance in the prostate mid-gland and overall performance

Fig. 12 shows the segmentation results for the entire set of 15
prostates on the initial slice selected in the segmentation propa-
gation step described in Section 2.4. As expected, the initial slices of
these 15 prostates were all located at the mid-gland region. In
Fig. 12, the red and blue contours represent the manually and the
automatically segmented boundaries respectively. The means and
standard deviations (in parentheses) of distance- and area-based
evaluation metrics for this set of 15 initial slices are: MAD,
3.89716.5 pixels or 0.8570.19 mm; MAXD, 16.575.20 pixels or
3.6371.15 mm; PC, 72.2711.8%; AO, 91.373.09%; AD,
2.7772.10%; DSC, 95.471.07%.

Table 2 (Setting A) gives the average distance- and area-based
evaluation metrics associated with the whole set of 15 prostates



Fig. 12. The mid-gland images of the 15 prostates involved in algorithm evaluation. The red contours represent the manually segmented contour and the blue contours
efer
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with a total of 336 transverse slices. We refer the proposed fully
automatic algorithm described so far as Setting A in Table 2 to
distinguish it from other experimental settings that we will in-
troduce in the rest of the Results section.

represent the final segmentation result of our algorithm. (For interpretation of the r
3.2. Performance on the base and apex of prostate

Fig. 13 shows the manual and algorithm segmentations on the
initial slice (i.e., mid-gland) as well as the apex and base of the

ences to colour in the text, the reader is referred to the web version of this paper.)



Table 2
The averages and standard deviations (in parentheses) distance- and area-based
metrics (Section 2.6) of the algorithm contours for the whole set of 336 transverse
images obtained under three experimental settings: (a) Fully automatic segmenta-
tion with RBR edge maps generated about the image centre, (b) fully automatic
segmentation with RBR edge maps generated about the centres of the manually
outlined contour and (c) fully automatic segmentation followed by user interven-
tion at points identified by the error detection algorithm.

Experi-
mental
settings

MAD
(pixels)

MAD
(mm)

MAXD
(pixels)

MAXD
(mm)

PC (%) AO
(%)

AD
(%)

DSC
(%)

Setting A 3.61
(1.20)

0.79
(0.26)

14.7
(5.69)

3.23
(0.13)

75.6
(12.3)

91.4
(4.71)

3.89
(4.73)

95.4
(2.75)

Setting B 3.92
(1.03)

0.86
(0.23)

13.2
(3.96)

2.91
(0.87)

71.9
(11.2)

89.0
(4.96)

3.15
(3.10)

94.2
(3.02)

Setting C 3.47
(0.22)

0.76
(0.05)

11.8
(0.83)

2.59
(0.18)

75.7
(2.80)

91.8
(1.27)

3.04
(1.21)

96.8
(1.23)
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8 prostates used in evaluation. One of the major advantages of the
proposed method is that there is no prior assumption in the po-
sition and shape of the prostates within an image as in previously
described statistical models [24–26,29]. Therefore, although there
is a large variability in the geometry and the location of the
prostates at the apex and base regions as shown in the first and
the third columns of Fig. 13, we hypothesize that the segmentation
accuracy in these two regions are comparable with that obtained
at the mid-gland region. As described in the introduction, the
hypothesis behind the design of the slice-based propagation ap-
proach is that prostate boundaries on contagious slices are similar.
The smoothness of the contours from one slice to the other is
demonstrated in Fig. 14. The sagittal contours are also shown, in
which red and black contours represent the automatically and
manually segmented boundaries respectively.

To make a quantitative comparison between the segmentation
performance obtained in base/apex and mid-gland, we selected
two contiguous images centreing at the initial slice at each of the
15 prostates to represent the segmentation accuracy in mid-gland,
and two contiguous images in each end of the image sequence of
each prostate to represent the accuracy obtained at the base and
apex. 30 images (2 images�15 patients) representing the mid-
gland and 30 images representing each of the base and apex (2
images�15 patients) were evaluated using the 6 evaluation me-
trics. Table 3 tabulates the means and the standard deviations of
the 6 evaluation metrics obtained in the base, apex and mid-gland
regions. For each of the 6 metrics, 3 two-sample T-tests were
performed to compare the segmentation results (i) at the mid-
gland and apex regions, (ii) at the mid-gland and base regions and
(iii) at the apex and base regions. The results are shown in Table 3,
in which the superscript ‘A’ in the mid-gland column indicates a
significant difference between the accuracy obtained in the mid-
gland and apex regions at the 5% level, whereas the superscript ‘B’
indicates a significant difference between the accuracy obtained in
the mid-gland and base regions at the 5% level.

All 6 metrics show that the accuracy achieved in the mid-gland
images was higher than in the base and apex images. Distance-
based metrics (i.e., MAD, MAXD, PC) suggest that the segmenta-
tion accuracy obtained in the apex was higher than in the base,
with MAD and MAXD showing a significant difference between
accuracy achieved in the base and mid-gland regions, respectively.
However, the area-based metrics (i.e., AO, AD, DSC) show that the
segmentation accuracy obtained in the base was higher than in the
apex, with AO and DSC showing a significant difference between
the accuracy obtained in the apex and the mid-gland. This ob-
servation can be explained by a property of the area-based me-
trics: Given the same distance error for a large and a small object
(such as the distance error synthetically generated by rigidly
translating the gold standard boundary for a fixed distance), the
area-based metrics are higher for the large object because the area
overlap is higher whether it is expressed as the percentage of the
entire region covered by the gold standard and the contour being
evaluated as in AO (Eq. (14)), or as the percentage of the average
area of the two contours as in DSC (Eq. (16)). As the size of the
prostate in the apex region is much smaller than in the base region
(Fig. 13), area-based metrics penalize contours obtained in apex
more heavily than those obtained in base, which should be taken
into account when interpreting area-based metrics.

3.3. Effect of the choice of centre for RBR edge map generation

As the enlarged image was generated by scaling the original
image about the image centre, a limitation of the RBR method is
that its edge detection capability may be degraded if the prostate
centre deviates significantly from the image centre [21]. Fig. 15
shows the initial slice of the prostate of Patient 3 in which the
prostate centroid deviates the most from the image centre among
the 15 prostates involved in validation. The (þ) symbol represents
the image centre, whereas the asterisk (n) represents the centroid
of the boundary manually segmented boundary, which is shown as
the red contour. The distance between the image centre (þ) and
prostate centroid (n) is 27 pixels. Despite this deviation, the initial
contour generated using our initialization method shown as the
blue boundary is close to the manually segmented boundary.

To quantitatively evaluate how the choice of the point about
which the original image is enlarged in RBR edge map generation
affects the segmentation accuracy, we generated the RBR edge
map of each 2D slice about the centre of the manually segmented
prostate boundaries and executed the remaining steps of the al-
gorithm just as described. We refer this experimental setting as
Setting B. The second row in Table 2 shows the evaluation metrics
obtained in this experimental setting. There are no statistically
significant difference in all the six evaluation metrics (MAD:
p¼0.27, MAXD: p¼0.31, PC: p¼0.29, AO: p¼0.33, AD: p¼0.30,
DSC: p¼0.37), thereby showing that the segmentation accuracy
was not sensitive to the choice of the point about which the ori-
ginal image is enlarged in RBR edge map generation.

3.4. Effect of error detection mechanism and user editing

The suspicious point detection algorithm judges whether each
point is likely to be accurate as described in Section 2.4. For the
sample prostate shown in Fig. 10, the blue section is composed of
accurate points, whereas the yellow section is composed of points
suspicious to be inaccurate. To evaluate the performance of error
detection mechanism, we compared the distances of accurate and
suspicious points to the manually segmented boundaries for the
entire set of 15 prostates statistically. We evaluated a total of
86,050 points lying on the prostate boundaries, of which 94.4%
were accurate points and the rest were suspicious. The mean
distance associated with the accurate points was 3.5270.52 pixels
(0.7770.12 mm) and the mean distance associated with the sus-
picious group was 6.9471.41 pixels (1.5270.31 mm). The differ-
ence is significant in the 5% level with p¼0.001, thereby showing
the effectiveness of the error detection mechanism.

As described in Section 2.5, editing was performed along seg-
ments on the prostate boundary containing suspicious points. The
average time on editing each slice is about 2 s. This experimental
setting is referred to as Setting C in Table 2, in which evaluation
metrics generated in this setting were shown. There is no statis-
tically significant difference in all 6 metrics (MAD: p¼0.34, MAXD:
p¼0.08, PC: p¼0.43, AO: p¼0.34, AD: p¼0.37, DSC¼0.27). These
results show that manual editing did not significantly improved
segmentation accuracy.



Fig. 13. Segmentation results of 8 prostates at different regions. Each row shows the segmentation results for a prostate, in which the red and blue contours represent the
manually and the automatically segmented contours respectively. The first, second and third columns show the segmentation results at the apex, mid-gland and the base
regions respectively. (For interpretation of the references to colour in this figure caption, the reader is referred to the web version of this paper.)
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Fig. 14. Segmentation results of 8 prostates from base to apex. In all figures, the blue contours represent the manually segmented contours. The red and black lines show the
sagittal profiles of the automatically and manually segmented boundaries respectively. (For interpretation of the references to colour in the text, the reader is referred to the
web version of this paper.)
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Table 3
Averages and standard deviations (in parentheses) of the distance- and area-based
metrics computed for algorithm segmentations obtained in the mid-gland, apex
and base regions of the prostate. 3 two-sample T-tests were performed for each of
the six metrics comparing the segmentation results (i) between mid-gland and
apex with p-values shown in the “MG vs. A” column, (ii) between mid-gland and
base with p-values shown in the “MG vs. B” column and (iii) between apex and base
with p-values shown in the “A vs. B” column. The superscript ‘A’ in the mid-gland
column indicates significance at the 5% level between apex and mid-gland. The
superscript ‘B’ in the mid-gland column indicates significance at the 5% level be-
tween base and mid-gland.

Metrics Apex Mid-
gland

Base P-Value

MG vs. A MG vs. B A vs. B

MAD (pixels) 3.95
(1.28)

3.46
(0.86)B

4.04
(0.92)

0.088 0.015 0.757

MAD (mm) 0.87
(0.28)

0.76
(0.18)B

0.89
(0.20)

MAXD (pixels) 15.5
(6.42)

12.9
(3.39)B

16.3
(6.35)

0.061 0.013 0.616

MAXD (mm) 3.41
(1.41)

2.85
(0.74)B

3.60
(1.39)

PC (%) 72.3
(13.3)

75.4
(11.3)

69.8
(10.5)

0.335 0.055 0.437

AO (%) 88.0
(6.90)

92.5
(2.61)A

91.3
(2.03)

0.002 0.057 0.017

AD (%) 6.13
(9.15)

2.80
(2.25)

3.82
(3.35)

0.062 0.175 0.062

DSC (%) 93.4
(4.33)

96.1
(1.42)A

95.4 (1.11) 0.003 0.061 0.021

Fig. 15. The initial slice of an example prostate with the image (þ) and prostate
centres (n) superimposed. The red contour represents the manually segmented
contour and the blue contour represents the initial prostate contour determined by
our algorithm (Section 2.1). (For interpretation of the references to colour in the
text, the reader is referred to the web version of this paper.)
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3.5. Computational time

The algorithm was implemented using MATLAB on a personal
computer with an Intel(R) i5 CPU 2.6 GHz and 4 GB of RAM. The
average time for initializing the prostate boundary was 10.2 s for a
prostate. The level-set based deformable and segmentation pro-
pagation required 5 s per slice on average. The average segmen-
tation time for each slice including the initialization and DWT
filtering time was 5.5 s per slice. The computational time can be
further reduced if the algorithm is optimized in Cþþ .
4. Discussion and conclusion

The development of the proposed fully automatic prostate
segmentation technique stems from the need of a rapid and re-
producible framework for volume quantification and boundary
determination from TRUS images. Volume and boundary of a
prostate play a role in the diagnosis and treatment of prostate
cancer. Volume quantification is required for PSA density mea-
surement and assessment of benign enlargement of a prostate.
Prostate boundary determination is required for pre-planning of
brachytherapy, high-intensity focused ultrasound, cryotherapy
[3,4] as well as new biopsy approaches, such as TRUS-MRI fusion
[15–17]. An automatic and fast prostate segmentation algorithm
from TRUS images has a potential to benefit these diagnostic and
therapeutic procedures.

Although previous automated prostate segmentation techni-
ques have been proposed as described in the introduction of this
paper, many of these methods required prior prostate location and
shape information. Prior positional information was usually de-
rived from a probabilistic framework based on location of pixels
within an image and intensity of pixels [25,29], and prior shape
information was usually derived from a statistical shape model
[24–26,29]. In many of these studies [24,25,29], evaluation of
segmentation results was performed only in the mid-gland. Since
the purpose of this paper was to segment the entire prostate in-
cluding the base and apex and the locations and shapes of these
regions are highly unpredictable and difficult to model, we chose
against using prior positional and shape models but opted to take
advantage of the similarity of the prostate shapes appeared in
adjacent image slices. The only requirement of our method is a
degree of smoothness in the prostate shapes across transverse
slices. Compared to segmentation methods using prior positional
and shape models, our model did not involve the construction of
prior models, thereby saving computational time as compared to
Shen et al. [24] and Cosío et al. [25]. Free of the constraints im-
posed by prior models, our proposed algorithm can converge to
the prostate boundaries at the base and apex as well as at the mid-
gland regions. This was demonstrated in Section 3.2, in which we
showed that the segmentation accuracy at the base and apex re-
gions was not significantly different from that at the mid-gland
regions.

Initializing the prostate boundary is the most challenging task
in the development of a fully-automated prostate boundary seg-
mentation framework. Notably, in Cosío et al. [25], it took the
MPGA algorithm 7.5 min to initialize the location and orientation
of the prostate contour. We introduced a number of innovative
elements to initialize the prostate boundary efficiently (10.2 s per
prostate as reported in Section 3.5): (1) We took advantage of the
similarity in prostate shapes in contiguous image slices. Because
the edge features are most pronounced near the mid-gland, by
summing up the edge features obtained for all image slices of a
prostate, the edges in the mid-gland will be highlighted in the
resulting summation image, I1. (2) Unavoidably, edge features not
lying on the prostate boundary would also appear in I1. We in-
troduce a method to estimate the centroid of the prostate region
(Fig. 4). Then, in the edge map computed from each of the trans-
verse images of a prostate, we shot rays from the centroid along
different directions and eliminated connected regions in the edge
map that were blocked by other connected regions and cannot be
entirely seen from the centroid (Figs. 5 and 6). Edge maps of the
entire prostate with non-prostate edges removed were then
summed again, resulting in I2. (3) Since boundaries of mid-gland
images were highlighted in I2 (Fig. 7(a)), from which the initial
boundary was extracted, it is expected that, among all image sli-
ces, if the initial boundary is refined in one of the mid-gland
images using the deformable model, the segmented boundary
would have the highest accuracy. If segmentation propagation
started from this image slice, because of the continuity of the
prostate shape across contiguous image slices, the propagation
process would allow the prostate to evolve continuously across the
image sequence and be able to capture the prostate shapes on all
slices from the base to apex accurately. To determine this initial
slice, we optimized the initial boundary on all image slices of a



Table 4
Comparison with published 2D TRUS prostate segmentation methodologies. Stan-
dard deviations are given in the parentheses.

Reference Type Average
MAD
(mm)

Average
MAD
(pixels)

Data sets
(patients/
images)

Pixel
size
(mm)

Time
(sec)

Ladak [45] Semi 0.55
(0.40)

4.40 (1.80) 19/117 0.126 14.2

Chiu [35] Semi 0.58 (0.18) 2.89 (0.88) 6/114 0.2 8
Knoll [23] Auto 2.61 4.70 11/77 0.56 –

Shen [24] Auto 1.28 (0.35) 3.20 (0.87) 8/8 0.4 64
Cosío [25] Auto 1.74 (0.69) 8.92 (3.53) 4/22 0.195 660
Yan [26] Auto 1.65 (0.47) 11.0 (3.13) 19/301 0.15–

0.18
0.3

Ghose [29] Auto 0.49
(0.20)

1.81 (0.74) 23/46 0.27 5.9

Ghose [31] Auto 1.26 (0.6) 4.50 (0.20) 23/126 0.27 0.67
Wu [27] Auto 1.11(0.78) 8.04 (5.65) 132/132 0.138 19
Wu [33] Auto 1.06(0.53) 7.68 (3.84) 132/132 0.138 104
Our method

(Setting A)
Auto 0.79

(0.26)
3.61 (1.20) 15/336 0.22 5.5
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prostate, and developed a method to self-assess the accuracy of
the optimized boundary on each image slice based on the average
grey-level inside and outside the optimized boundary without
comparison with the manual boundary. This self-assessment
method was later extended to highlight potential inaccurate points
on the boundary segmented by the algorithm and give an oppor-
tunity for a user to edit the potentially inaccurate sections of the
boundary.

A thorough comparison between the RBR edge detection
method and spatial filtering methods was performed in Liu et al.
[21]. It was observed that spatial filtering was not suitable for edge
detection in prostate ultrasound images because it also picked up
edge features due to speckle and unwanted structures, such as the
pelvic arch. The RBR edge detection method was designed to de-
tect edge features of larger scale and has been shown to be able to
detect prostate boundary without simultaneously detecting too
many false edges, which we were able to discard as described in
Innovation 2 mentioned in the previous paragraph.

However, since the RBR technique is based on the comparison
between the original image and its radially enlarged version, the
edge detection capability may be degraded if the centre about
which the image is enlarged (i.e., the image centre) deviates from
the centroid of the prostate. The prostate image set involved in the
validation of the proposed algorithm was acquired as a 3D TRUS
image for each prostate with the ultrasound operator centreing
the image approximately at the centroid of the prostate and 2D
transverse images segmented by the proposed algorithm were
obtained by reslicing using the multiplanar approach [44].
Therefore, in the image slices obtained at the mid-gland region,
the images approximately centre at the prostate centroid. Al-
though deviation exists as we showed in Fig. 15 due to the shape
variability of the prostate and the judgement of the operator, the
prostate centroids are within 30 pixels of the image centre at the
mid-gland region. We investigated whether this amount of de-
viation would degrade the accuracy of the proposed algorithm by
comparing the results produced based on the RBR edge maps
generated by enlargement about the image centre (Setting A in
Section 3.3) and those produced based on the RBR edge maps
generated by enlargement about the prostate centroid determined
from manual segmentation (Setting B in Section 3.3). We con-
cluded that there is no statistical significant difference between
the 6 performance metrics produced in Settings A and B. However,
we would point out that the prostate centroid may deviate from
the image centre in the base and apex and the RBR technique may
be less able to detect edges accurately there (e.g., first and third
columns in Fig. 13). The results generated in Setting A were not
significantly different from B mainly because of our segmentation
propagation mechanism. The RBR technique was only involved in
the initialization of prostate boundaries. In our algorithm, the in-
itialization was required to be accurate only in the initial image
slice where the propagation began. From that point, the propa-
gation mechanism took over, which was able to generate an ac-
curate boundary if the optimized boundary in the adjacent slice
(which served as the initial boundary for the current slice) was
accurate and there was a degree of continuity in the prostate
shape across transverse slices. That explains why the segmenta-
tion algorithm produced by the proposed algorithm was not sen-
sitive to the centre about which RBR edge maps were generated.

Table 4 shows a comparison in segmentation accuracy and
computational time with published segmentation methods. The
proposed method was evaluated in 336 transverse images from 15
patients. The sample size is comparable to all automatic algo-
rithms presented in Table 4. For the proposed algorithm, the re-
sults we presented in this table were generated without editing.
Even using MATLAB code not optimized for computational speed,
the mean segmentation time required for this algorithm is shorter
than Shen et al. [4], Cosío et al. [25], Ladak et al. [45], Wu et al. [27]
and Wu et al. [33], comparable to Ghose et al. [29] and inferior to
Yan et al. [26], and Ghose et al. [31]. The algorithm by Yan et al.
[26] was implemented in Cþþ , which is estimated to speed up
computation by 10 times [25]. In addition, as the authors ac-
knowledged, the accuracy produced by the algorithm described in
Yan et al. seems to be low at the base and apex (Fig. 9(b) and Fig. 11
(Left) in Yan et al. [26]). However, in comparing segmentation
duration, the advancement of computation speeds since 2000
must be taken into consideration. The accuracy produced by the
proposed algorithm is superior to Yan et al. [26], Cosío et al. [25],
Ladak et al. [45], Ghose et al. [31], Wu et al. [27] and Wu et al. [33],
comparable to Shen et al. [24], which was validated only on 8 mid-
gland images and inferior to Ghose et al. [29], which was designed
for segmenting mid-gland images and validated on these images
only and Chiu et al. [35], which was a semi-automated segmen-
tation method.

In conclusion, we have developed an efficient and accurate
fully-automated prostate segmentation framework that initializes
the prostate boundary, optimizes the boundary using a level-set
framework and propagates the optimized boundary to adjacent
slices until all images in a sequence of transverse images acquired
for a prostate have been segmented. Evaluation of the segmenta-
tion results in 336 transverse images from 15 prostates shows that
the accurate boundaries were obtained not only at mid-gland, but
also in the base and apex regions of the prostates.
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