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ABSTRACT

We present a new method aimed at restoring structures
in 3D US images. In our approach, 3D US data acquired
with tilt devices is resampled into cylindrical coordinates with
the purpose of overcoming the problems of anisotropic sam-
pling space. Then, enhancement and shadowing effects, as
well as average attenuation effects, are removed with a ray-
based rescaling process. Finally, a novel method for reducing
noise and enhancing the structures based on a modi�ed 3D
anisotropic diffusion is applied. The diffusion scheme is im-
proved in several steps: the diffusivity is computed locally
as part of each iteration based on local statistics; two terms
intended to preserve the mean value along homogeneous re-
gions and to enhance the contrast are introduced. Results
show an improvement of the contrast when applied on 3D
Transrectal US (TRUS) Images of prostate, which can facili-
tate further segmentation.
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1. INTRODUCTION

Ultrasound (US) imaging is cheap, reliable, safe and widely
available, making it one of the most used modalities today.
For US imaging, there are a number of issues related to phys-
ical phenomena which complicate the image processing tasks:
the generated images are corrupted by false boundaries, lack
of signal for surfaces tangential to ultrasound propagation and
presence of speckle noise.

In recent years the use of 3D ultrasound has increased,
proving its advantages for the diagnosis and guidance for min-
imally invasive therapy. Mechanical tilt 3D scanners, in which
2D images are acquired with an axial probe at regular angular
intervals have been developed [1]. In these devices, because
of the geometry of the acquired 2D images, the distance be-
tween acquired image planes increases with distance from the
axis (Rmin to Rmax in Fig.1a), resulting in decreased spa-
tial sampling and lower resolution in reconstructed 3D images
(Fig.1b). Prototypes of this mechanical device have been im-
plemented as 3D transrectal US (TRUS) probes [14], which
in the future may impact among others brachytherapy prostate
imaging. Improving quality of these images facilitates seg-
mentation and consequently helps to increase the accuracy
and robustness of further quantitative analysis. Apart from
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(a) Geometry for 3D scanning (b) Reconstructed 3D data.
Fig. 1. a) Geometry of acquisition and b) reconstruction of
3D US images using tilt (fan-like) devices.

the reduction of noise, enhancement of the structures must
also take into account the additional effects of 3D reconstruc-
tion. Although several methods for restoration in US im-
ages have been proposed, they mainly address separate prob-
lems like attenuation [3] or reduction of speckle noise [2] [4].
For this last purpose, anisotropic diffusion adapted to speckle
noise has become a common tool [5] [6] [7] [8]. In these
approaches several parameters must be manually set and the
result is highly dependent on the number of iterations.

In this paper we propose a method aimed at enhancing
structures in tilt 3D US, as a pre-processing step for segmenta-
tion tasks. As opposed to other approaches, our method com-
bines different strategies to tackle the problems of anisotropy,
attenuation, weak boundaries and noise. The 3D data is �rst
resampled into cylindrical coordinates, which allows to per-
form further analysis in the direction of US rays. Enhance-
ment and shadowing effects, as well as average attenuation
effects, are then removed with a rescaling process. Finally, a
modi�ed 3D anisotropic �ltering in which the parameters of
diffusivity are adaptively computed, removes remaining noise
while preserving main structures. This results in an image that
can be used as a cost function during a segmentation process,
without the large number of local minima present as in the
original US images. We describe some experiments using 3D
TRUS images where the prostate is the target organ.

2. METHODS

2.1. Reformatting the 3D US Data.

To overcome some of the problems of anisotropy imposed by
the acquisition with tilt devices, the 3D US data is resampled
into cylindrical coordinates (Fig.2a; b). Consequently, US



rays are stored parallel to each other, allowing image analysis
to be performed following the direction of US rays. The re-
sampling is achieved by �rst �nding the slope of the �rst and
last scanned plane (i.e. the planes with smallest and largest �
in Figure 1a). Next, the centerline of the probe, from which
all US rays origin, is computed, and minimum and maximum
radius (Rmin ,Rmax ) are determined. Using these parame-
ters, a transform from fan-beam rays to parallel rays is found.
Each voxel value in the output (cylindrical) coordinate system
is computed using trilinear interpolation. We have chosen a
sample rate where an 1:1 relationship exists at half the max-
imum distance from the probe surface. This sampling rate
meets both memory and image quality requirements.

2.2. Reduction of attenuation effects
Shadowing and enhancement effects occur due to attenuation
related to objects in the image and to the nature of US. Visu-
ally, this will produce dark or bright bands in parts of the im-
age, which in the cylindrical space, appear as parallel stripes
(Fig.2b). Furthermore, due to average attenuation, the image
intensity is correlated with the distance from the US probe.
We have previously developed an algorithm that corrects for
these attenuation effects directly from a log 3D US image
without additional information available [9]. This results in
an image where intensity is uncorrelated to the distance to
the US transmitter, and also uncorrelated within a plane at a
certain distanced from the US transmitter (Fig.2c).

(a) (b) (c)

Fig. 2. a) Slice of original 3D US image. b) Resampling into
cylindrical coordinates. c) Reduction of attenuation effects.

2.3. Anisotropic �ltering

2.3.1. Background
Since the publication of Perona and Malik [10] on anisotropic
diffusion, many other approaches have been proposed to im-
prove or adapt the �ltering scheme for speci�c applications.
On a continuous domain, Perona and Malik [10] proposed the
following diffusion scheme:@I

@t = div[g(x) � r I ] with ini-
tial conditionsI ( t =0) = I 0, where for the imageI , r is the
gradient operator,div the divergence operator andg(x) the
diffusivity function. In order to preserve borders, a common
choice is to use a scalar functiong(x) decreasing with the
magnitude of the gradientr I such as in [10]. For instance,

g(j r I j) =
1

1 + ( jr I j
k )2

(1)

where the diffusion capacityk is usually set manually de-
pending on the image modality and the target structures. This

scheme allows intra-region smoothing, diminishing the noise.
However, the preservation of the boundaries isk-dependent
and the use of this scalar function presents some limitations
related to directionality, multiplicative noise and contrast [11].
To cope with some of the problems, Weickert introduced a
diffusion tensorD , computed from local coherence of struc-
tures instead ofg(j r I j) to drive the diffusion [12]. In US,
following the same idea, Abd-Elmoniem et al. [7] proposed a
model which changes progressively from isotropic diffusion
through anisotropic coherent diffusion to, �nally, mean cur-
vature motion computing the directions of principal curva-
ture. Further studies introduce additional terms as regulariza-
tion elements or have explored optimization approaches tak-
ing into account the direction of structures [6] or local statis-
tics in 2D [5] or 3D [8]. Common in these approaches is
that the type of noise must be knowna priori or determined
interactively, and several parameters must be manually set.
Conversely, our method does not need any previous informa-
tion about the characteristics of the image. The detection of
structures is performed in the transformed image to overcome
the problems of subsampling. It favours the diffusion along
the direction of the detected structures, which intuitively fol-
lows the same idea of approaches proposed by Weickert [12]
and Krissian [13]. However, the parameters do not need to
be manually adjusted and it could be applied to any type of
image, and regardless the nature of the noise as the diffusivity
functions are constructed based on local information.

2.3.2. Diffusion model

To perform diffusion along detected structures in 3D, the nor-
mal~n and a perpendicular plane are computed. They allow to
de�ne a new orthonormal basis inR 3 for points correspond-
ing to voxels which likely belongs to a boundary. For a point
~x = ( x; y; z) in the imageI , the likelihood of being part of
a surface is estimated at each iteration from a cumulated his-
togram of the gradient amplitude,jr I j. This estimator,pc(~x),
which is based on the integral of the histogram of the absolute
values of the gradient (eq. 2) vanishes when evaluated over
homogeneous regions:

pc(~x) =
Z jr I (~x ) j

0
p(s)ds � p(0) (2)

wheres represents the value ofj r I (~x) j in the histogram
andp(s) is the probability ofs. Afterwards, a diffusivity func-
tion G(~x) is constructed, designed to limit diffusion in the
direction of the normal, to preserve the borders and to consol-
idate piecewise homogeneous regions.G(~x) is a linear com-
bination of scalar functions, weighted by eq. (2), composed
basically by three parts: i) the termsgi , for i = � �

2 ,..,�2 com-
puted over a neighborhood of size� ; ii) a mean preserving
termgI ; and iii) a contrast enhancing termgL , each having a
similar form as eq. (1) as we will show. This scheme leads to
the following evolution equation, in an explicit scheme:



I t +� t (~x) = I t (~x) + � t[
P

i = � �
2 ;::; �

2
� i gi (~x)� I i (~x) +

�g I (~x)� I mean (~x) +

�g L (~x)� I L (~x)] (3)

where� t is the time step size (1=23 in our scheme for
stability purposes) and each one of the coef�cients (� i ; �; � )
are adaptively computed using eq. (2) as we will see below.
The three diffusivity terms are de�ned as follows:

-The directional-homogeneity termsgi (~x) are computed
by using the homogeneityhi over a neighbourhood as

gi (~x) =
1

1 + ( (1 � h i )� I i

k )2
(4)

where� I i = I (~x + �~x ) � I (~x) and the ratio(1 � hd )� I i

k
determines the directional diffusivity, which is computedus-
ing the local homogeneityhi 2 [0; 1], centered at~x in the
directioni , hi = h� i = 1

1+ � 2
i
.

Here, the variance� 2
i is used to construct a measure of

smoothness of the intensity distribution along a speci�c di-
rection. Within a homogeneous region (or following a homo-
geneous direction)� 2

i = 0 , andhi = 1 . Conversely, across
a contour� 2

i ! 1 andhi ! 0. Thus, the homogeneity fac-
tor (1 � hd)� I i corrects the computed diffusivity value, in-
creasinggi only in the low contrast zones. In our approachk
is computed adaptively according to the local information as
max(j � I i j). With this homogeneity scheme, the obtained
effect is that in homogeneous directions (where the variance
is minimum) the computed diffusion is maximum (gi = 1 ).
On the opposite, in non-homogeneous directions the diffusion
is still allowed regardless of the inhomogeneity. This leads to
the double purpose of producing piecewise homogeneous re-
gions and helping to eliminate noise across weak edges.

-The mean preserving termgI (~x), which is intended to
keep the mean value over homogeneous regions. It is com-
puted using the difference between the local meanI � (~x) and
I (~x) (� I mean = I � (~x) � I (~x)). Thus, using the samek as
previously:

gI (~x) =
1

1 + ( � I mean
k )2

(5)

-The contrast enhancing termgL (~x) is intended to en-
hance the contrast locally by direct use of the Laplacian of
the imager 2I . It exploits the fact that for any imageI we
can obtain a sharpened versionI c by subtracting the Lapla-
cian fromI , I c = I � r 2I . Therefore, in a diffusion process
I c can be updated and used as a regularisation term, increas-
ing the contrast at each iteration. Thus, for a given position
~x, the termI c(~x) = I 0 � r 2I (~x) is included in our scheme,
weighted by a diffusivity functiongL (~x), which means that
the intensity is tending towards a value increasing the con-
trast as

gL (~x) =
1

1 + ( � I L
k )2

(6)

where� I L = I c(~x) � I ~x = �r 2I (~x). Locally, this term
can be computed asr 2I (~x) =

P
i � I i .

Since the main interest is to sharpen only the borders,
wherepc (eq.2) is high and to smooth in homogeneous re-
gions,� and� are estimated at each point~x as� (~x) = pc(~x)
and� (~x) = (1 � pc(~x)) . Additionally each one of the co-
ef�cients � i are set to 1, except the one related to the normal
direction� bn d = (1 � pc(~x)) . In a boundary,� bn d becomes
zero, stopping diffusion.

3. EXPERIMENTS AND RESULTS

To illustrate the usefulness of our method, we have applied
it on a set of 3D TRUS images acquired with an US device
designed by the Robarts Research Institute as described in
[14]. To produce 3D images, video frames from a B-K Medi-
cal 2102 Hawk ultrasound machine (B-K Medical, Denmark)
were digitized with a Matrox Meteor II MC video frame grab-
ber (Matrox Imaging) at 30 Hz and saved to a personal com-
puter, while an 8558/S side �ring linear array transducer with
a central frequency of 7.5 MHz was rotated around its long
axis over 120o so that 2D images were acquired in a fan ge-
ometry at a 0.7o angular interval.

Figure (3) shows a 3D view of the data before and af-
ter the proposed technique is applied (100 iterations). To il-
lustrate both overall smoothing properties and edge enhance-
ment behaviour, the results were compared with two other
approaches: (F 1) classical anisotropic diffusion [10] with
capacityk = 5 and k = 20, and (F 2) an optimization ap-
proach of anisotropic diffusion constrained by the noise [6].
The quantitative comparisons were made in terms of evolu-
tion of the average local contrastC around the boundary of
the prostate, and the difference of the mean value between
the background and the prostate near the boundary (R2 and
R1 in Fig.4b), respectively. The boundary of the prostate was
�rst delineated manually by a group of experts on a set of 3D
TRUS data. By convolving the manual outline with a Gaus-
sian function (� =2 ), a thicker regionRb around the prostate
was computed. The average contrast in this regionRb has
been computed asCR b = 1

N

P
R b

C� , whereN is the size of
the regionRb andC� is a local contrast measure computed
asC� = I max � I min

I max + I min
in a neighborhood of size� (3x3x3 vox-

els). C� converges to a minimum value in homogeneous re-
gions and should reach a maximum value near the edges. In a
�ltering processC decreases while the noise vanishes in ho-
mogeneous regions, whereas the opposite occurs around the
borders.

Tables 1 and 2 show the results of these measures for 20,
50 and 100 iterations when the different methods are used.
The bene�ts of the proposed approachF 3 can be clearly ap-
preciated. After the reduction of attenuation effects in the
reformatted images, the noise is removed faster around the
borders and the difference in the mean values across the edges
(R2� R1) is mainly increased. After successive iterations the
contrastCR b is essentially preserved. On the contrary, with



the other approaches, the contrast decreases continuouslyin-
dicating a progressive blurring of the borders. In Fig.(4) the
results can be visually compared on 2D slices.

(a) (b)
Fig. 3. 3D views of data. a) Original image and b) after ap-
plying the proposed technique (100 iterations).

it F1(k=5) F1(k=20) F2 F3
20 0.075 0.074 0.083 0.068
50 0.056 0.056 0.065 0.062
100 0.045 0.045 0.053 0.067

Table 1. Evolution of the average contrast at the boundary for
the three �lters (F 1, F 2 and proposed methodF 3).

it F1(k=5) F1(k=20) F2 F3
0 11.36 11.36 11.36 11.36
20 10.44 10.35 5.57 20.72
50 9.89 9.73 5.49 20.60
100 9.26 9.01 5.27 20.56

Table 2. Evolution of (R2 � R1).

4. CONCLUSION
In this paper we presented a new scheme to enhance structures
in 3D US. It includes spatial transformation, attenuation cor-
rection and a new fully automatic anisotropic diffusion tech-
nique. Since the scheme removes the noise and improves the
contrast around the boundaries the output can be used as a
cost function for segmentation process. The method does not
require either manual adjustment of parameters or assump-
tions about the noise. The result depends only on the number
of iterations, though future work could include a stop criteria
using for instance a measure of the contrast.
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