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Medical image information representation using two dimensional image planes have major drawbacks
on the grounds that the there are technical constrains in providing the optimized spatial orientation and
physical limitations. In comparison, three dimensional imaging shows higher degree of versatility in
clinical application. Conventional anisotropic diffusion and speckle removal might have promising
performance on 2D ultrasonic images, but it is not effective in 3D ultrasonic images. In this paper, we
have developed extension algorithms for 3D diffusion in ultrasonic volume rendering using open
source visualization toolkits. Investigations have been conducted on 3D volume rendering based on
visualization toolkit (VTK) generic computing and the simulation results were compared with ordinary
2D diffusion in 3D ultrasonic image. Obstructive effect was eliminated with the proposed technique by
conserving information between neighboring 2D slices. The experimental results show the significant
improvement of 3D diffusion on 3D ultrasound volume rendering.

Key words: Three dimensional, ultrasound, volume, diffusion, rendering, visualization toolkit (VTK), open

sources.

INTRODUCTION

Ultrasound medical imaging is widely used nowadays in
clinical application due to its intuitive, convenient, safety,
non-invasive, and low cost (Catherine and Tal, 2010; Min
and Myoung, 2007; Wee at al., 2010; Wee and
Supriyanto, 2010; Wee et al.,, 2011a, b, c; Yu et al.,
2007). Nevertheless, the restrictions on the imaging
mechanism lead to low resolution in ultrasound images
and they have always been a major drawback in its
imaging modality. This condition will be more complicated
when the subjects of interest are the inhomogeneity fine
structure of organ or tissue. Some minor structures
cannot be resolved by ultrasound formation, and when it
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is coupled with the interference of acoustic signals, the
ultrasound images form a well-known unique spot,
namely speckle noise. Obviously, it will greatly reduce the
ultrasound image quality, and make the identification and
analysis of image detail become more challenging.
Therefore, it is necessary to perform de-noising.

The current popular filters for ultrasonic images
includes median-based filtering (Czerwinski et al., 1995),
homomorphic filtering (Christos and Constantinos, 2011;
Rajeev and Gupta, 2010; Gupta et al., 2005), wavelet
transform (Kashif et al., 2008; Shirzad et al., 2009; Gupta
et al., 2003) and anisotropic diffusion (Christos et al.,
2006; Deepti et al., 2010; Ling et al., 2007; Paula et al.,
2009). Based on previous examination, median-based
filtering technique refers to the local image noise’s
statistical characteristics in order to select the filtering
window’s size and shape automatically. Nevertheless,
these methods are very sensitive in choosing the



6996 Int. J. Phys. Sci.

shape and size of the window; even the adaptive window
size is still limited in its filtering effect. Homomorphic
filtering method is based on the image logarithmic
transformation; the multiplicative noise is turned into
additive noise and filtered by conventional methods.
Wavelet transform filtering method converts the ultra-
sound images in wavelet domain in order to discard some
of the elements size, and it is followed by inverse
transform to remove undesired noise. However, this
method confront with difficulty in choosing the right
element size, if the discarded signal are over small-scale,
it fails to remove the noise effectively or vice versa, it may
lose useful signal in large-scale signals removal.

In recent years, filtering method based on the diffusion
equation emerges as a popular filtering technique for
ultrasound medical image. It is based on the principal in
solving the initial value of input image using nonlinear
heat diffusion equation. Perona and Malik (1990) initiate
the proposed anisotropic diffusion equation (referred as
P-M model) for image denoising. The extreme advantage
of their proposed techniques is having great protection on
image edges, while smoothing and denoising the image
features without distortion. Their diffusion model has
aroused great interest among the researcher worldwide
in the last ten years, causing a boom on partial
differential equation enhancement in image processing.
By introducing image features, diffusion equations are
designed to control the appropriate spread of the
diffusion coefficient, producing the smooth image and
enhancing the image feature information simultaneously.

However, the direct practicing of P-M model on medical
ultrasonic image is not satisfactory. The inefficiency of P-
M model is predicated on its inherent incapability in
solving the additive noise. For ultrasonic images with
additive noise, P-M model (Perona and Malik, 1990)
shows promising de-noising effect. Nevertheless, the
resulting outcome of P-M model on multiplicative noise in
ultrasound image shows very limited effect, sometimes
even counterproductive. Over a decade of research and
exploration on anisotropic diffusion enhancement, it is
now a powerful speckle noise removal called SRAD for
2D ultrasound images (Yu and Acton, 2002). Much of the
research attentions are focus on 2D diffusion implement-
tation, rather than 3D ultrasound images. Theoretically,
conventional 2D SRAD diffusion equations are also able
to diffuse in 3D ultrasound images by performing diffusion
on each slice of collective 2D images before recon-
structing them into 3D model. Nonetheless, these render
an obstructive effect in space direction of the 3D model in
response to the missing information between slices of 2D
image.

In this paper, we have extended the generic computing
of anisotropic diffusion on 3D ultrasound volume images
in VTK open source computing approach. In the present
research, we have investigated the effect of 2D diffusion
on a serial of 2D ultrasound images, before further
reconstructing them into 3D volume rendering. Follow by

that, we have compared this result with the implement-
tation of direct 3D diffusion on volume images. For
analyzing reason, we have also displayed the original 3D
volume rendering without diffusion, and this proves the
significant contribution of proposed method.

PREVIOUS WORK AND REVIEW
Principle and implementation of anisotropic diffusion

The earliest diffusion technique was proposed by Lee in
1980 (Lee, 1980); Lee’s filter suggested that additive
noises are approximately similar as a linear model based
on MMSE principle. Even though Lee’s filter is equipped
with diffusion features, it remains a window-based
filtering method, where it applies the same diffusion coef-
ficient in all spreading direction, and this is inextricably
linked to weak image features preservation and the
aftermath: Blurred boundaries.

In 1990, Perona and Malik (Perona and Malik, 1990)
proposed an advancement technique in order to maintain
the edge of image features, namely anisotropic diffusion,
which depends on the image gradient in various
spreading direction to determine diffusion coefficient. P-M
model has increased the performance in smoothing noise
while retaining image details without distorting edge of
image boundaries. A decade later, limitations of P-M
model as described by Yu and Acton (2002) have been
improved to SRAD which is equipped with the edge
localization capability and mean preservation.

The anisotropic diffusion of P-M model is as follow;

gt—l =div(c(x, y,t)VI)=Vc-VI +c(x, y,t)Al (1)

With the condition,
I( = 0) =1,

where YV  denotes the gradient operator, div, the
divergence operator, c(x, y), the diffusion coefficient, t,
the diffusion time, A, Laplacian of I, and I, the initial
image. C (t) controls the rate of diffusion and is usually
chosen as a function of the image gradient so as to
preserve edges in the image.

Two forms of Perona and Malik proposed C (model)
are;
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where k denotes the edge magnitude factor, correlated to
the contradiction degree’s balance of edge preservation
and smoothing factor, and final smoothing outcomes are
influenced by diffusion time t. The basic idea of P-M

model is using CQVID to control the diffuse proliferation on
the initial image. The model achieving adaptive diffusion
is based on image gradient magnitude. At the edges with

large gradient modulus, CQVIthichever is less; the
model is weak in smooth implementation to protect the
edge information. In the homogenous areas, gradient

modulus is smaller, CqVIDbecome larger; the model has
more smoothing effect. Adaptive selection of smoothing
degree at the edge and homogeneous region can help to
identify the boundary location, and solved the
contradiction between de-noising and edge retention.

Enhanced speckle reduction anisotropic diffusion

Due to the limitation of P-M model, a robust diffusion
method is suggested by Yu and Acton (2002) which
comprises a strong edge preserving filter and this makes
it to have an edge over the conventional speckle removal
filters. The proposed SRAD exploits the instantaneous
coefficient of variation (ICOV), which is shown to be a
function of the local gradient magnitude and Laplacian
operators. The diffusion coefficient in 2D SRAD is a
function of g, where q(x, y; t) are shown as follows;

C(X,y;t)= 1
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e Gre) .
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Figure 1. Diffusion based on number of iteration; (a) diffusion iteration = 1, and (b) diffusion iteration = 200.

And the initial speckle scale computed homogenous
region qo is shown as follows;

do (t) = V%(t)
(6)

where | denotes input image, V , gradient operator, and
|, the magnitude. The function shows high value at edge
and low value in homogenous region. Moreover, the
diffusion order can be revealed from our simulations in
Figure 1 which demonstrates that ICOV successfully
smoothen the speckled region and intensifies the contrast
between constructive object and noise area.

Value of diffusion coefficient is influenced by ICOV
where edge pixel area activates a lower diffusion
coefficient and indirectly decreases the level of diffusion.
Speckle area produces higher value of diffusion
coefficient which increases the smoothing effect in certain
area. Figure 2 illustrates the smoothing of ultrasound
image with difference number of iteration and smoothing
time step.

Ultrasound image changes gradually in every iteration.
Larger iteration will generate a smoother image but it
requires longer processing period and over-smoothing
may destroy the edge of ultrasound image. Figure 3
shows our simulation results on ultrasound phantom with
appropriate diffusion iteration.

METHODS

As 3D models and visualization are getting widely implemented in
scientific computing applications and intense development of
object-oriented programming, there is a need to have a simple,
object-oriented features and easy-to-transplant 3D graphics to
realize the 3D diffusion algorithms on 3D ultrasound volume
rendering.

For instance, the most straight forward method to diffuse 3D
ultrasonic model is performing 2D SRAD on each of the collective
2D slices before they are further reconstructed into 3D volume
rendering. Nevertheless, this simple method will result in an
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Figure 2. Level of smoothing (a) original ultrasonic image (b) under-smoothing (c) over-
smoothing (d) smoothing at appropriate iteration.

Figure 3. Simulation results comparison (a) before 2D SRAD, and (b) after
2D SRAD.

(a) (b)

Figure 4. Simulation results in 3D ultrasound volume (a) XZ view on 3D
visualization, and (b) 2D re-slice of viewed XZ plane.

obstructive effect in 3D volume, especially in Z-pixels direction due tation of 2D SRAD. In our investigation, we have simulated this
to the missing information in spacing track. Image features in limitation on a series of 2D ultrasound images collected on a
between neighboring slices were not conserved during implement- volunteer’s carotid artery as shown in Figure 4.



Wee et al. 6999

i
(b)

Figure 5. Obstructive line effect (a) on 3D volume rendering, and (b) on 2D

ultrasonic slices.

Close observation on Figure 4 shows that obstructive effects are
present in spacing direction, as shown in Figure 5. Measurement on
XY direction will not encounter with this limitation, but this effect will
cause wrong measurement especially when the subjects of interest
are in small scale. Important morphology was destroying when we
visualize in 3D volume mode.

3D Diffusion algorithm designs
3D diffusion algorithms are developed in the present studies. It will
operate directly on 3D volumetric images rather than every 2D

slices. Thus, information between slices of 2D image are explored
and preserved.

o |
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By following Equation 1 to 3, the subsequent shows the existing 2D
anisotropic diffusion equations and its derivation in 2D discrete
implementation. We have expanded the diffusion to spread in eight
directions, which includes the east, west, north, south, and east-

north, west-north, east-south and west-south pixel f(X, y)
direction.

= (i t)=divigl y, ) Vi( v, )]

:g[g(x, y,t)*aﬁX 1(x, y,t)}%{g(xy y,t)*% 1(x, yvt)}
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) (1(x, y+ Ay, )= 1(x,y, t))+g(x y—7 ] (1(x, y—Ay,t)—1(x, y, t))}
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tj*(l(x+Ax, y —Ay,t)— 1(x,y,t))

—|—g(x——,y—|—— j*(l(x—Ax y—|—Ay)—I(xyt)):|

- ¢east + west +

For relative distance, Ax = Ay = 1, Ad = \/5

north + ¢south + ¢eastnorth + ¢Westnorth + ¢eastsouth + ¢Westsouth )

The anisotropic diffusion filtering entails iterative update on each
pixel in the image by the flow intensity contributed by its eight
neighboring pixels:

(X y t+ At) ~ I (X y t)+ At ¢east + ¢West + ¢north + ¢south +t— ( d) ( eastnorth + ¢westnorth + ¢eastsouth + ¢westsouth):|

1
=1 (X1 y, t) + At|:¢east + west + north + ¢south + E (¢eastnorth + ¢westn0rth + ¢eastsouth + ¢westsouth):| (8)

For 3D diffusion algorithm designs, we have extended Equations
(7) and (8) to three dimensional discrete form. The 3D discrete

implementation of anisotropic diffusion in 26 directions is derived as
following:
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where AX, Ay, AZ , Adl ) Ad 21 Ad3 are relative

distances between | (X, Y, Z,t) and its nearest neighbours in the
26 directions respectively.

AX,Ay,Az, Ad;,Ad,,Ad,

distance between neighbour and central node.

Determination of relative
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The filtering process requires recursive operation on each pixel in

the image by an amount relative to the flow contributed by its 26
nearest neighbors:
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Table 1. Determination of the upper bound.

Dimension Neighbor N
1 2 1/3
2 4 1/5
8 1/7
3 6 1/7
26 3/44
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N for the discrete formulation of the diffusion process.

Figure 6. Original reconstruction 3D volume rendering without diffusion.

Determination of At

The upper bound, N can be determined from the discrete
formulation of the diffusion process (spatial indices have been
dropped for clarity). It is a numerical integration of a partial
differential equation in order to perform the discrete implementation
of the nonlinear anisotropic diffusion filtering. Gerig et al. (1992) has
analyzed the filter and find bounds for the integration

constant, At which must be in the range of zero and N where N is a
positive real number as shown in Table 1.

The effect of At can viewed as an approximation for continuous
case in integration for discrete implementation. The closer the value
of Alis to zero, the more accurate the approximation of discrete
implementation compare to continuous case and vice versa.

Despite the high accuracy in approximation, the filter entails
many iteration steps to yield good result.

RESULTS

In the proposed study, multi frames of DICOM ultrasound
data were collected for 3D volume reconstructions. The
collected DICOM files are stored in 8 bit depth, and digital
unsigned characteristic with the grey scale value between
0 and 255. The maximum numbers of frames stored are
256 frames using Acuson Siemen ultrasound machine
with spacing value at 3.57.

The order of these 256 ultrasound images need to be
arranged according to their priority in advanced. The
scanned subject in the present studies is carotid arteries,
with the resolution 641 x 598 using trans-abdominal 3.5
MHz ultrasound transducer with freeze capability. Figure
6 shows the original restructured 3D ultrasound volume
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Figure 7. Internal view on interested subject carotid artery before 3D diffusion (a) front view (b) left side view, and (c) upper

view.

rendering using our state-of-art algorithms. It is a real
time free orientation 3D visualization in C++ platform on
2.4 GHz Pentium 4 processing unit.

Within appropriated algorithm’s variables, the internal
view of carotid arteries can be examined through virtual
3D slicers in any orientation, as shown in Figure 7.
Similar to 2D ultrasound slices, it can be observed that
the restructured 3D volume using un-processed 2D
ultrasound slices comes with speckle noise. Besides, the

internal  structures of carotid arteries are also
contaminated by the background cloud, which makes the
challenging on precise measurement in small scale
assessment. Fortunately, both difficulties are resolved by
the proposed diffusion in 3D, as shown in Figure 8. We
can observe that whole volume assembly was smoothed
and the background clouds were eliminated. For example,
Figure 9 shows the close views comparison sliced out
from Figures 7b and 8b.
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(c)

Figure 8. Internal view on interested subject carotid artery after 3D diffusion (a) front view (b) upper view, and (c)
left side view.

(a) (b)

Figure 9. Comparison of simulation results (a) before diffusion,
and (b) after diffusion.
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Figure 10. Background cloud-noise filtering effect (a) before 3D diffusion, and (b) after 3D diffusion.

To inspect the usefulness of proposed diffusion method

in clear way, we have performed a detail comparison
assessment on same 3D volume at the same position.
Figure 10 shows the cloud-noises were eliminated effect-
tively after 3D diffusion.

For quantitative analyzing, the root mean square error
(RMSE), signal-to-noise ratio (SNR) and peak signal-to-
noise ratio (PSNR) were utilized to prove the efficiency of
the proposed method in restructured 3D ultrasound
volumetric images. The tested images are sliced out from
the restructured 3D ultrasound volumetric images in XZ
plane.

RMSE calculates the average deviation from the
original ultrasound image while SNR and PSNR are used
to qualify how much an image has been affected by
speckle noise. A quantitative measurement of the noise
level is done by the image’s standard deviation as shown
in Equation 11.

o= 1/%Z(bi ~b)* i=1,2,3..N (11)

where, N depicts the pixel number in the image, b depicts
the original image’s mean gray level and b; depicts the
surrounding region gray level value e. Mathematically,
the statistical measurements can be indicated in the

SVt (x, )Y

SNR =10log,, = (13)
(fG.j)-FG §)y
i=1,j=1
PSNR = 20 Iogw% (14

following equations where f (i, j) denotes original image
and F (i, j) is image enhanced. For equation 14, the peak
of grey value is set to 255, as the tested ultrasound
images are 8 bit depth unsigned character.

Based on Table 2 RMSE of the proposed method is
lower and the values SNR and PSNR are larger than
SRAD. Larger RMSE represents a vast deviation from
the original image which can affect the integrity as well as
hurts the important information in ultrasound image.
Meanwhile, PSNR and SNR reveal the highest value in
the proposed method. This shows the enhancement of
proposed method achieve a higher successfulness in
speckle noise reduction on ultrasound image.

DISCUSSION

Since diffusion equation uses image gradient in
monotonically decreasing function as diffusion coefficient,
It will produce a larger diffusion coefficient in
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Method RMSE SNR PSNR
Proposed method 11.21 5.32 24.33
2D SRAD 27.04 4.32 19.17

(b)

Sy <

(c)

Figure 11. Simulation results with logjam phenomenon (a) before changing view position (b) rotation in

progressed, and (c) rotation completed.

homogenous region with small gradient. Therefore, it can
smooth the noise inside the homogenous regions effec-
tively. Experimental results show that improved 2D SRAD
is effective to remove speckle noise in 2D ultrasound
images, and it is not dependent on window size selection
in smoothing noise and image edge preservation. Yet,
direct practice of existing 2D SRAD in 3D ultrasound
volume rendering can cause external obstructive effect in
Z-pixel direction, which further influence the morphology
of the restructured 3D volume.

In actual computing, long execution time of partial
differential equations is a disadvantage of 3D diffusion,
where the image must be transformed into different
iterative schemes. The larger number of iterations,

a longer running time is necessary. Based on our
findings, this condition will be further burdened when the
3D volume rendering consumes large buffered memories,
while large numbers of 2D ultrasound slices were
handled at the same time. This could cause computing
logjam behavior during real time 3D position alignment as
shown in Figure 11.

One way to improve the computing timing is using
parallel computing technique. For image processing
application in digitize form, it is possible to perform inter
parallelism by duplicating several processing units in the
system, where each of the processing unit is assigned to
a segment frame. One other better proposed (Wengian et
al., 2006) solution is to integrate flexible FPGA
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architecture to realize parallelism in computation. Multiple
processing units are cascaded to process iterative
algorithms in parallel, which could greatly reduce the
computation time with speed-up ratio more than 20X.

Conclusion

Based on the foregoing analysis, diffusion on
reconstructed three dimensional volume rendering should
be taking consideration of voxel Z space for their
topological and geometrical properties. These make the
resultant 3D diffuse shape with better space coherence in
every dimension. Findings shows the proposed 3D
diffusion reflects better performance on volumetric
ultrasound rendering compare to 2D anisotropic diffusion
techniques.
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