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Abstract—This paper presents a novel approach for speckle the signal-to-noise ratio (SNR) by generating multiple uncorre-
reduction and coherence enhancement of ultrasound images based|ated images that are summed incoherently to reduce speckle.
on nonlinear coherent diffusion (NCD) model. The proposed NCD - pegpite heing simple and fast, these approaches suffer from
model combines three different models. According to speckle ex- Lo . . .
tent and image anisotropy, the NCD model changes progressively two limitations. First, in order to produce uncorrelated images,
from isotropic diffusion through anisotropic coherent diffusion to, ~ the transducer has to be translated at least by about half its
finally, mean curvature motion. This structure maximally low-pass element width for each of the generated frames [1]. Second,
filters those parts of the image that correspond to fully developed temporal averaging based on transducer movement causes the

speckle, while substantially preserving information associated |55 of small details such as small vessels and texture patterns
with resolved-object structures. The proposed implementation .
because of blurring.

algorithm utilizes an efficient discretization scheme that allows for . . L
real-time implementation on commercial systems. The theory and A more reliable technique based on ASR filtering was pro-
implementation of the new technique are presented and verified posed in [3]-[7]. This technique depends on the SNR and pos-

using phantom and clinical ultrasound images. In addition, the sjbly the autocorrelation function to permit a varying degree of

:ﬁ:iﬂtj | i?rgergfr:’é?fastetﬁghg?fg‘f; a?]rfe compared with the new gmqothing according to the extent of the speckle pattern from
P ' the fully formed speckle (FFS), which is known to follow a
_Index Terms—Coherence enhancement, nonlinear anisotropic Rayleigh distribution. This approach works well when applied
diffusion, speckle reduction, ultrasound imaging. to the uncompressed backscattered envelope signal but becomes

severely inaccurate with the log-compressed signal. Moreover,
|. INTRODUCTION the parameters introduced in this method (such as neighbor-
. . . ._hood, structure, and speckle thresholds) may not correlate well

_HE noninvasive nature, low cost, porjcablht_y, and real—tlmﬁ/-th actual speckle models.

'mage formayon mgke ultrasound imaging an egsent|a||n another method based on adaptive weighted median filter
tool for mgdlcal d|agn05|§. Over the years, !ts application € AWMF) [8], pixel values are replaced by the weighted median
tended to include many fields and research is underway (o | alocal neighborhood whose width is determined based on the
prove the technology even further. One of the areas where ENR around that pixel. The over simplification of this method

search in this field has addressed is the fundamental probIFerH to limited success of this method given that fine image de-
of speckle noise, which is a major limitation on image qualit}/aiIS are usually lost

in ultrasound imaging. The presence of speckle noise affect peckle reduction via filtering in the wavelet domain was

human interpretation of the images as well as the accuracyp(? posed by several groups. Most of these techniques are based

computer-assisted diagnostic techniques. Poor image q“a"%H‘ he idea of soft-thresholding denoising first presented by

some cases makes feature extraction, analysis, recognition, B3foho [22]. In this method, the signal is decomposed in the

qu:nutatnt/)e m(?casurtimgnt; |mp%55|ble. d to add \é}/fvelet domain and the obtained wavelet coefficients are then
number of me 9 S. ave_ een proposed 1o _a ress. fft-thresholded. That is, the wavelet coefficients with absolute
problem of speckle noise including temporal averaging, med'@QlueS below a certain threshold are replaced by zero, while

filterin.g, maximum amplitude writing ('ternporal dilation),t ose above it are only modified by shrinking them toward
adaptive speckle reduction (ASR) (statistical enhanceme ro. A modification of this technique is to apply nonlinear soft

homomorphic Wiener filtering, and wavelet shrinkage (WS hresholding within finer levels of scales to suppress speckle

Temporal averaging and multiframe methods try to increaﬁen_ Feature enhancement was accomplished via stretching

of wavelet coefficients in the midrange levels. The estimated
image is reconstructed by taking the inverse wavelet transform
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the discarded part are decomposed by wavelet transform. The
coefficients of both parts pass through soft-thresholding and
finally merge to construct the final speckle-suppressed image.

In spite of the encouraging results obtained using the above?2)
techniques, they have not been widely considered for practical
implementation because of their high computational complexity
and large memory space requirements. Furthermore, some tech-
nigues require the signal be processed before logarithmic com-
pression [23], which is not usually possible in most commer-
cial ultrasound systems. In addition, the stability and robustness
of such techniques against parameter variations have not been
addressed. Therefore, a technique that relies on a more accu-
rate model for speckle noise while maintaining low complexity, 3)
simple implementation, and robustness against parameter vari-
ations would be rather valuable for practical use.

In this paper, we describe a new speckle reduction technique
whereby the log-compressed ultrasound pulse-echo image is
smoothed to suppress the FFS while substantially preserving
image components corresponding to resolved (or partially re-
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of the speckle pattern represent a multivariate signature of
the imaging instrument and its point spread function [3].
Blood cells are typical examples of this type of scatterers.
Nonrandomly distributed with long-range order (NRLR)
[2]. Examples of this type are the lobules in liver
parenchyma. It contributes a coherent or specular
backscattered intensity that is in itself spatially varying.
Due to the correlation between scatterers, the effective
number of scatterers is finit®ND < 10). This situation
can be modeled by the K-distribution. This type is asso-
ciated with SNR below 1.92 [15]. It can also be modeled
by the Nakagami distribution [29].

Nonrandomly distributed with short-range order (NRSR)
[2]. Examples of this type include organ surfaces and
blood vessels. When a spatially invariant coherent struc-
ture is present within the random scatterer region, the
probability density function (PDF) of the backscattered
signals becomes close to the Rician distribution. This
class is associated with SNR above 1.92 [15].

solved) object structures. This technique is based on a nonlineagience, the coherence phenomena make the SNR an am-
diffusion model adapted to remove the compressed speckle ous feature that cannot be used alone to characterize the
tern from the raw lines acquired using a convex array uItrasou%ﬁgeucme model. The deviation in image properties due to the
imager (without loss of generality). We demonstrate that the Usgssence of coherent structures that are partially or completely
of raw lines instead of the formed image is more accurate sing&glved results in a speckle pattern that is no longer entirely
the actual scan is rather in radial coordinates than in Cartesgy}racteristic of the imaging system [3]. It should, therefore,
coordinates and thatit is nearly an order of magnitude faster trl?é‘possible to use these deviations to classify each local region
when applied to the formed image. Due to its anisotropy, the prgr the image according to how much it resembles the FFS
posed technique allows coherent structure enhancement Whﬂﬁma”y generated by that particular imaging system in that
the dynamics of the proposed diffusion model is controlled Ryart of the image. This measure of similarity can then be used
the local behavior of the signal. The model measures signal ¢§-control the spatial bandwidth of a smoothing filter of some
herence, which is animportant speckle feature, to control the ging so that regions within the image that closely resemble the
rection and magnitude of diffusion. A modified version of thiggg gre replaced by a local mean value. At the other extreme,

model is also proposed to ensure parameter robustness ofififions with properties that are least similar to FFS should be
technique whereby a bias term is added in such a way not to iggpt unaltered [3].

pose significant additional computational effort. This bias term
enables the technique to reach a meaningful steady-state th%t is & ¢ thmi .
different from the constant trivial solution. To ensure real-time" Effect of Logarithmic Compression
implementation, a special discretization scheme is proposed t®ue to the limited dynamic range of commercial display
further reduce the complexity of this method. The stability an@onitors, ultrasound imaging systems compress the echo
robustness of the new techniques are analyzed and verifieddyhal to fit in the display range. Such compression changes
experiments using computer simulations as well as actual ulttae characteristics of the signal PDF. In particular, it affects the
sound images. high intensity tail of the Rayleigh and Rician PDFs more than
the low intensity part. As a result, the speckle noise becomes
very close to white Gaussian noise corresponding the uncom-
pressed Rayleigh signal [15]. It should be noted that some
authors suggested the use of a generalization of the Gaussian
distribution, namely, the alpha-stable distribution, to model
The nature of the speckle pattern can be categorized into Qigh noise and handle the data with a degree of nonlinearity
of three classes according to the number of scatterers per reg@t corresponds to the deviation from the Gaussian model
lution cell or the so called scatterer number density (SND), [27]. In fact, the Gaussian distribution is the limiting case of
addition to their spatial distribution and the characteristics of tkgch class of probability density functions. This approach has
imaging system itself. These classes are described as followgp, advantage in image areas where very few scatterers are
1) FFS pattern, which occurs when many fine randomly digresent and the SNR is very poor such that the assumption of
tributed scattering sites exist within the resolution cell dBaussianity is severely violated. This is not a common situation
the pulse-echo systefsND > 10). In this case, the in most sonographic applications though and the associated
amplitude of the backscattered signal can be modeledasnplexity to use such model may not be justified.
a Rayleigh distributed random variable with a constant At the output of the beamformer on the ultrasound imaging
SNR of 1.92. Under such conditions, the textural featureystem and prior to the logarithmic compression stage for the

Il. SPECKLE MODEL

A. Medical Ultrasound Speckle Pattern
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envelope signal, speckle noise can be approximated as a multierep, is the mean value gf in a region corresponding to
plicative noise such that FFS [3].

f(@,y) = g(z, y)nm(z, y) + na(z,9). @ A. Nonlinear Anisotropic Diffusion
Here, g(x,y) is an unknown piecewise constant two-dimen-
sional (2-D) function representing the noise-free origin%l/
image, f(z,y) is the noisy observation gf(z, y), 7, andn,
are multiplicative and additive noise, respectively, andnd

y are variables of spatial locations that belong to 2-D spa L SN L
“ > o n e original (degraded or noisy) imadéz, y,0) as the initial
of all real numbers(z,y) € R°. Since the effect of additive coadition, wherel(z,y,0): R2 — R+ is an image in the con-

noise (such as sensor noise) is considerably small Comngﬁ ous domain(z, i) specifies spatial positionjs an artificial

Diffusion algorithms remove noise from an image by modi-
ing the image via solving a partial differential equation (PDE).
For example, consider applying the isotropic diffusion equation

the heat equation) given i (x,y,t)/9t = div(cVI), using

with that QOf mult|pI|cat|\£e noise (cohergnt interferenc ime parameteg; is the diffusion constant, and whe¥# is the
(Ima(z, )| < [[m(z, »)||?), (1) can be rewritten as

image gradient. Modifying the image according to this linear

f(z,y) = g(z, y)nm(z, y). (2) isotropic diffusion equation is equivalent to filtering the image
The logarithmic amplification transforms the model in (2) intdVith & Gaussian filter. . _
the classical signal in additive noise form. That is The previous ASR technique can be expressed in the form
log(f(x.)) = log(g(,y)) +Log(m (. ) [-I=0-k-1) ®)
or,
or
fi(y) = gz, 1) + 0l (2, ). 3 L= L= =RE~ 1) ©)

Here, 7. (z, y) is approximated as additive white noise. ngmch is very close to the nonlinear isotropic diffusion model

assume here that the speckle pattern has a white Gausgi%ﬁcribed by

noise model. This assumption is valid especially if we consider Ly — It = g(p) Lo + Loyy). (7)

the speckle nature (initially Rayleigh scattered) after envelopgyre 1, is the ultrasound image after smoothing with a linear
detection and logarithmic amplification of the radio-frequencgaussian kernel of scate, I, and I,,, are the Laplacian
(RF) signal. In the absence of underlying structures, the specffahe smoothed image in theandy directions, respectively,
pattern and noise can both be assumed to have a white Gaus&@y is a function of the SNR oy = p, /p, which represents
noise model. It should be noted however that even though thisonlinear diffusivity replacing the constant diffusivity in the
assumption might not hold in the presence of nonflat structurgsear case. Diffusion is maximum (i.g(p) = 1) in a Rayleigh

it still considered close enough for practical purposes. scatterer region and zero in a fully structured or correlated re-
gion (specified experimentally for each imaging system envi-
lll. DIFFUSION FILTERING MODELS ronment). Simple speckle reduction algorithms like the model

The SNR remains the most fundamental feature that is m@§ove enhance only those regions associated with low SNR, i.e.,
widely used in single feature texture classifiers due to its séplonging to NRLR speckle model, while organ surfaces are
sitivity to the variation of scatterer distribution in a region. Thavsclassified and possibly degraded.
unsharp filter described in [3] allows the degree of smoothi . .
to be controlled by the local features of image texture. The pro- Perona and Malik Formulation
posed filter, named ASR, attempts to differentiate between FFIn their seminal work, Perona and Malik replaced the classical
and NRLR classes of speckle. Hence, this filter has the formisotropic diffusion with [9]

- ; I

f=T+k1-1) (4) 0L, 9,1) (“gty’ D _ divlg(vil) - v1] (8)
where! is the new (processed) value of a pixel to be computegh o e/ 71 is the gradient, ang(||V | is the diffusivity func-
from the old unprocessed valug,and the local mean of the oldyjq, o the edge-stopping function [13]. This function is chosen
values surrounding and including that pix&l,The constant;,

| ] o2 suchthay(z) — 0asz — oo, and should be monotonically de-
is controlled by the measure of similarity usedwhich inthis = o 55ing'so that the diffusion or the smoothing decreases as the

case is the deviation in the ratio of the local variance of gray jient strength increases and the diffusion is stopped across
levels to the local mean [3], [7]. That is

_ edges.
k= P—DPs
P C. Coherent Nonlinear Anisotropic Diffusion
and, Although g(x) can be a scalar function and diffusion is still
var([) anisotropic and since ! serves only as an edge detector, the ap-
P="7 plicability of the above filter is restricted to smoothing with edge

enhancement. In generalz) can be putinto a tensor form that
measures local coherence of structures such that the diffusion
1Y’ (I%) process becomes more directional in both the gradient and the
p= <_> +1= )2 contour directions, which represent the directions of maximum

or alternatively
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and minimum variations, respectively. Hence, the coherent difuch that smoothing is now in ti§edirection [10]; the direction
fusion model takes the form of the piecewise stationary process. That is, smoothing with

ol(x,y,t ) unity diffusivity perpendicular to gradient direction. This can
(8t ) div[DV1] ©)  pe expressed as [28]
whereD € R2*2 is a symmetric positive semi-definite diffu- or _ 1 .. << I, ) (L, -1 )VI)
sion tensor representing the required diffusion in both gradient ot ||VI|] —I v
and contour directions and, hence, enhancing coherent struc- 1 12 ~II, _
tures as well as edges. The designi/ofrequires estimating :Wd” <<—Ijly I ) V—’)
the local coherence, which can be represented by the local con- 1 5 I I
tour and gradient principal directions and their relative contrast. :W (s a_y) <_i; —’; 7 J’;;Q% )
There are two tensors widely used to detect the local coherence, rryte Lty
namely, the structure tensor (also called scatter matrix or win- — 1 [3 (I2j —IL.LIL )
dowed second moment tensor) and the Hessian tensor, which (12+12) o= VY o
represents the second order derivatives. These can be expressed 0 _ -
as follows: +a_y (—Lelyle + Ix—fy)}
I Ll Lw Iy 2Ly, — 201,14, + 121,
<Iw—ry 13 ) <Iwy Iyy) ' == (12;123+ = = lee. (14)
S— T y

Structure matrix  Covariance (Hessian) matrix Here, a bar was placed on the symbols standing for functions
Because the Hessian matrix is more sensitive to noise, the usa®bpposed to the constants in the diffusivity matrix. A modi-
the structure tensor was favored. The multiscale structure mafied version has appeared with a monotonically decreasing dif-
takes the form fusivity in contour direction only [11]. Another modification has

J(VI) =K, + (VI @ VI) been introduced that adds isotropic term to the equation above
T [12]. It now takes the form
=K, (VI-VE) (0 20) oI  AI+k? (1%L, — 2L1 L., + I21,,)

or equivalently 9t (1+ K2[|AT][2)? (15)
(1) = < K,xIZ K,x (Iac-Qly) ) Choosing a large value éfamplifies edges in the image and
K, (I.1,) K,*I} yields a filter with very strong edge preserving properties. Al-
B <j11 j12> (10) te_rna';ively, choosing a small value will yield a faster iso?ropic
T \J12 goo ) diffusion. The wordfasterhere refers to the speed of the itera-

Here, the symbok' stands for convolution and the convolutiontive algorithm to reach the final steady-state, which is the trivial
' constant solution. That is, the solution as the artificial titne

kernel is expressed as C .
2,2 goes to infinity. This can be expressed as
x
K,,(a:,y) = (27(02)_1 - exp < 20_2y ) . (11) k— 0.1, =AI
Ll — 200,01, + 101,

The above convolution is done component-wise mainly to av- k— oo ly — 3
erage a feature over a known neighborhood (scale) whése (KAL)
the integration scale (the window size) over which the orienta- - 1 I (16)
tion information is averaged [14]. Using eigenvalue decompo- k2| ATl
sition, the formulation in (10) can be put as
0 W IV. NONLINEAR COHERENTDIFFUSION (NCD) MODEL
J(I) = (wr wp) (] b (12) -
0 o Wa A. Proposed Model Description
Here, the eigenvectors,, w» and the eigenvalugs,, i cor-  The diffusion tensob should be chosen with the same eigen-
respond to the directions of maximum and minimum variationgctors of the structure matrix but with eigenvalues that repre-
and the strength of these variations, respectively. sent the strength of diffusion in each principal direction. That is
. by 0 T
D. Mean Curvature Motion (MCM) D) =(w; wsy) < 01 )\2> <51T> (17)
2
In general, the above models make smoothing (motioghg
along the direction of local curvature. On the other hand, no (p1—p2)? . 9 _ o
smoothing occurs in the gradient direction. Linear diffusion AL = { o (1 T ) , A —A2)" <5
model causes smoothing isotropically in all directions and it is 0, else
better expressed as A =a. (18)
ol .
gp = Gv(VI) = Lee + Ly (13) B. Model Analysis

Here, n is the gradient direction; the direction of maximum The dynamics of the proposed NCD model can be under-
variation, and¢ is the contour direction; the direction ofstood from the eigen-analysis framework. The flow at each
minimum variation. This model modifies the diffusion equatiopoint is affected by the local coherence or anisotropy. When the
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local coherence, measured Qy; — u2), is close to zero, i.e., can be summarized in the design of the required diffusion eigen-
the region corresponds to speckle pattern close to FFS carryiradues.
little tissue information, diffusion must become isotropic Let
(1 = p2 = «) and inversely proportional to the information 4 _ A, _
content [which is also related f@.; — 1i2)]. On the other hand, 6=1-0-(lI{to) - I®)]), 0<p<1 (19)
when image anisotropy becomes large, which corresponds2fif
_structure_d tissue, image texture_ is ri_ch of information about the a8 (1 _ (Ml;zﬂz)Z) L (= pa0)? < 82
imaged tissue and, therefore, diffusion should be very selective 1 = clse
in both direction and strength. This idea is implemented by the ’
above-mentioned Tukey’s function, which is monotonically Ay =a- . (20)
decreasing such that as information content increases, diffusiidre distance between the original and the evolved images [rep-
becomes increasingly anisotropic. A fully specular regiomsented in (19)] is continuously measured at all time instants
corresponding tdu; — p2)? > s? is associated with diffusion and is embedded within the formulation of the eigenvalues to
only in level set, contour, direction. Fig. 1 shows the responsentrol the status of diffusion process. This modification has
of the system when applied to different types of regions. In dlie effect of completely stopping the flow of the diffusion at
cases, smoothing is represented as an elliptic Gaussian keamsl time and location where the deviation between the two im-
whose radii are shown. When the region is highly specular,ages becomes unreasonable as will be analyzed.
is merely a one-dimensional (1-D) Gausian smoothing in the The dynamics of the proposed model can be clearly under-
principal minimum variation direction. stood from the eigen-analysis framework. The flow is affected
The proposed NCD model has the same principal PDE dgy two factors; the first one is the distance between the evolved
scribed in [14]. Nevertheless, from the functional point of viewitnage at any timéand the original image at tinte= 0 (that we
it combines three different models together; namely, isotropiall temporal distance The second factor is the spatial local co-
linear diffusion, anisotropic diffusion, and MCM. According toherence or anisotropgjatial coherence At early time values
speckle extent and image anisotropy, the model changes o= #,), the temporal distance effect is completely negligible
gressively from isotropic diffusion through anisotropic cohererié = 1) and the only dominant factor is that of the spatial co-
diffusion to, finally, MCM. This structure maximally low-passherence. When the local coherence, measurgg:py- 1:2), is
filters those parts of the image that correspond to fully devetlose to zero, i.e., the region corresponds to speckle pattern close
oped speckle, while substantially preserving information asgo-FFS carrying little tissue information, diffusion must become
ciated with resolved-object structures [24]. Several reasons sigptropic(x; = u2 = «) andinversely proportional to the infor-
port this model formulation. First, our main objective is to promation content (which is also related(i@; — 1:2)). On the other
duce a filter that is not only edge preserving but also cohererttand, when image anisotropy becomes large, which corresponds
enhancing. This is essential to overcome the ambiguity of usit@ystructured tissue, image texture is rich of information about
the SNR alone and to further enhance tissue texture, organ sheimaged tissue and, therefore, diffusion should be very selec-
faces, and blood vessels. Alsq, is related to the anisotropy of tive in both direction and strength. This idea is implemented by
the image(p1; — u2) through a monotonically decreasing functhe above-mentioned Tukey’s function, which is monotonically
tion that resemble Tukey’s biweight robust estimator, which prdecreasing such that as information content increases, diffusion
serves sharp boundaries and improves the automatic stoppingefomes increasingly anisotropic. A fully structured region cor-
the diffusion in the gradient direction [13]. Finally, the stoppingesponding tg; — \2)? > s? is associated with diffusion only
levels? is determined experimentally corresponding to the fullin contour direction.
structured region resulting from the imaging system and manu-As time evolution goes forward, the image continues to dif-

ally set by the user. fuse and some structures may be inevitably unsharpened. In
_ o such cases, the temporal distance increases between the orig-
C. Pseudobiased Diffusion inal and diffused edge sharpness. The embedding of this dis-

A|though the previous model has proved to be efficient it‘@nce in the diffusion matrix has the effect of ChOking extra dif-
removing Speck|e, if prior know|edge of the appropriate tim@]Sion in these locations. This effect dominates over the effect
evolution needed to reach this speckle-free image is not av&f-spatial coherence and thus, limiting diffusion. With time, the
able, the model continues to evolve to the trivial solution. Thighshaped edges become relatively sharper than before with re-
behavior is not recommended for parameter robustness. TRect to inter-region fluctuations [25]. Hence, the stopping crite-
overall time Step is a very important parameter that drastican-y)n in this formulation can be made that the difference between
influences the final status of the filtered image. However, tHBe results from two consecutive iterations becomes less than a
behavior of a robust filtering algorithm should not be sensitiiereset minimum.
to parameter selection especially time evolution. Therefore, the o
flow dynamics of the diffusion process should be controlleld- Discrétization Scheme
based on both the spatial local coherence as well as the temthe final form of the model takes the form

poral distance between the original speckled image and the cur- a b I,
rent evolved image [25]. Meanwhile, the added diffusion control == — {iv c d I,
should not increase (at least, minimally) the complexity of the ot Diffusivity Matrix (D) Gradient Vector

numerical implementation of the process. The proposed model 1)
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Fully Pormed Speckle Parially Stnscred Fally Stmacrured
(FF5) Regions Repicas
= 1 = 1
Monlinear Izotropic Monlinear Anizsotropic Mean Carvaiure
Diffusion Diffusion Monon

Fig. 1. The behavior of the proposed model as the speckle pattern changes. Two examples are shown with three different regions in each withdhthbehavior
algorithm in each region.

wherea, b, c andd represent the entries of the diffusivity matrixfurther split the works by splitting the:-dimensional system of

in (17), which are in general functions of the local image interequations inton 1-D systems.

sity. We assume that the discrete image at hand is of'6#zd0o Due to the need fof,,, I,,, andI,,, all eight points in
apply the scalar model in (8), an efficient and stable discretiziite neighborhood are used in our model. As a result, several
tion scheme can be used [21]. This scheme uses Euler-Backwsudh proposed schemes cannot be applied here. Explicit scheme
method to obtain a system of linear equations that is stable f@mems stable for only very small stefpt(< 1/4 for the scalar

any time step. With a 2-D image, the resultant system involvd#fusion) [14] and even smaller for our model. Implicit scheme
solving a sparse matrix with number of unknown equéfs To  is extremely complicated due to the nonlinearity and the bulky
overcome the problem of solving this huge matrix, the algorithsystem matrix to be solved. Semi-implicit has shown uncondi-
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Fig. 2. Block diagram of ultrasonic convex B-mode system showmg the location of the proposed speckle reduction stage. It is applied on stieladirads ins
the constructed raster image.

tional stability in scalar nonlinear diffusion for any time steg@imilar to [21], it can be solved using additive operator splitting
where theV? x N? pentadiagonal system matrix is divided intescheme as
2N simple tridiagonal ones with each of sidéx N [21]. Due 2

to the added complexity in the coherent model, the scheme is == Z (1 — 27 A (I%)) "L (/) (23)
no longer as simple. The system matrix is now pentadiagonal =1

with fringes due to the added diagonal points. To overcome thigere

[\ R

difficulty, a hybrid scheme is proposed that combines stability ab +al .
: . : g _td=l, g=tx1,1l=1
and computational efficiency. The scheme can be described as 2 _Jjﬂ, _
shown in the equation at bottom of the page, or I e J=i+t1,l=2 (24)
A .. . 4 —q
Izt lLj+1 IZT+I Izt+1 Jj+1 Gii—1 +Qiit1, J =1 .
IS o [ A It Ifi—lAf (22) 0, otherwise.
3] 7 7 N
i It 7 If—I—Af It ! and
i—1,5—1 i,5—1 i+1,5-1 A

Here, I} ; stands for the pixel at location = , y = j at time TEFVE =1k - (o (i = 1F )
mstancet That is, the axial points are made backward in time o & &
and the diagonal and cross-diagonal points are made forward in G- (Ij71,1+1 - ijl,lfl)}

time. In this scheme, splitting can be used to convert the system

L. . g . . . bll lll‘l’k—lll
matrix into tridiagonal matrices, which are easily solved. { e (D~ Dovi)

With no loss of generality, we pukt = 7 andAz = Ay = =0 (I -1 )} (29)
1, which is a valid assumption when dealing with images. The
result takes the form E. Algorithm
2
1— TZAI(Ik) TRl gktl/2 An iteration of the proposed algorithm consists of the fol-
lowing steps.
Ik+1 Ik

il 1 di tdig (Ik+1 _Ik+1) o Tt (Ik-i—l _Ik-i—l)
At A2 2 g+l 3l 5 gi—1 il
1 &k,l + E‘%‘4—1,1 % X @5‘71 +ak_ | . N
() )« () )

1 4 4 4 N 4 4
* 1neny (s G = D) = o = L) )

1 ‘ ‘ . ‘ ‘
* 1aeny {05 v (s = Do) = s (Do = Ina0) }
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Fig. 3. Results with contrast details phantoms. (a) Original speckled image. (b) Reference image. (¢)—(f) Images processed with NCD, AWMF, \&, and WS
methods, respectively. (g) and (h) Profile of the evolution of a line passing through the positive contrast regions with different algorithms.

principal components and vectors

from (12).
QUANTITATNETAS/';'EUAHON oF The Step 2) Evaluate the diffusivity from (17)
PERFORMANCE OFAPPLYING DIFFERENT TECHNIQUES TOCONTRAST and (18) (for NCD model) or (19) and
PHANTOM IMAGES (20) (for pseudobiased NCD) based on
the previously obtained scatter ma-
Processing Method MSE trix.
Step 3) Solve the diffusion equation in
AWME 280 (21). Time evolution of an image

point is split into two parts: the
Euler-Forward scheme for the time
WSCE 271 evolution involving the diagonal and
cross-diagonal neighbor image points
as in (25) and the Euler-Backward

WS 132 scheme for the time evolution in-
volving the axial neighbor image
NCD 121 points as in (23) and (24).

F. System Implementation

Step 1) For each point, obtain the window- The construction of ultrasound B-mode image involves cap-
scatter matrix from (10) and the turing the echo signal returned from tissue at the surface of
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Fig. 4. (Continued) The effect of the algorithm on clinical images. (e) Heart—
two chambers view. The number of iterations used was two, and the parameters
used wereAt = 2, o = 0.9, ands? = 2. The original image is shown to the

left while the denoised image using NCD is shown to the right in each case.

from the sampled sticks in a process cabedn conversiofsee
Fig. 2).

For the sake of efficiency and accuracy, the proposed model is
applied on the ultrasound convex B-mode sampled sticks after
the logarithmic compression and before constructing the final
rectangularimage. The machine we used forms 80 sticks or lines
of 320 samples each. Hence, the original radial image size is
80 x 320. Since the stick coordinates are closer to radial than
to the Cartesian, the model is modified simply by adjusting the
gradient step in the axial direction to take into consideration
the diverging pattern of the sticks. The advantage of using the
sticks before scan conversion is that the small number of pixels
makes the algorithm at least three times faster. Furthermore, the
algorithm is now more accurate since the coordinate system of
the image is the same as that of the probe. This step enables
the achievement of real-time rates using the available modest
computing platforms.

V. RESULTS

To test the performance of the proposed NCD model, we com-
pared its results against those of one of the most used real-time
models, which is the AWMF model. In addition, the results were
compared with those from off-line sophisticated models such as
the wavelet shrinkage (WS) model and the wavelet shrinkage
coherence enhancing (WSCE) models. Experiments included
images containing diverse shapes and sizes of structural details.
Fio 4. The effect of the alaorih inical () abd - We applied the same wavelet functions described in [17]. The
e o e e sfhages were decomposed into four levels. The high-requency
used was two, and the parameters used were= 2, o = 0.9, ands?> = 2. content of each level is then removed using a threshold value
The original im_age_is shown to the left while the denoised image using NCDf§ that is level dependam, Varying |inear|y frdf,ax t0 Tinin.
shown to the right in each case. These bounds are functions of the noise level in the signal esti-

mated using the standard deviation of the signal. In the WSCE
piezoelectric crystal transducers. These transducers converttdehnique, the same parameters as the WS technique were used
ultrasonic RF mechanical wave into electrical signal. Convdsut in this case, the low-frequency content of the first two levels
ultrasound probes collect the echo from tissue in a radial foris.amplified in order to enhance the features in the spatial do-
Each group of transducers is simultaneously activated to lonlain. We applied these models on ultrasound phantom and real
at a certain spatial direction from which they generate a ragan-converted ultrasound clinical images. Comparison is di-
line signal (stick) to be used later for raster image construgided into two parts. First, we compare the qualitative results
tion [26]. These sticks are then demodulated and logarithmicafhpm the used algorithms. Second, profiles of the effect of the
compressed to reduce their dynamic range to suit the commieisted algorithms on a details line within the images are plotted
cial display devices. The final Cartesian image is constructemobserve the behavior of these methods.
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(f gl

Fig. 5. The results of an ultrasound image of the heart. (a) Original speckled image with line mark superimposed. (b)—(e) Images processed witiRICD, AW
WS, and WSCE methods, respectively. (f) and (g) Profile of the evolution of the row line labeled in (a) with different algorithms.

A. Contrast Detail Phantom Data and four negative contrast regions). Regions are ordered in two

The four techniques were applied to enhance images of VS: The upper row contains r)e_zgative contrast_regions while
commercial contrast detail phantom (ATS laboratories, BridgHl€ lower one contains the positive contrast regions as shown
port, CT). This phantom was made to produce standard contr&sf9- 3(8)- A reference image, Fig. 3(b), is constructed man-
levels from—15 dB to+12 dB. Images were logarithmically ually from the speckle_d image by evaluating j[he mean value in
compressed in the postprocessing stage to simulate compre &84 region. The obtained results are shown in Fig. 3(c)—(f) cor-
B-scan images [15]. Fig. 3 shows the results of this compariségSPonding to NCD, AWMF, WS, and WSCE techniques, re-
The phantom image has a resolution of 25628 and consists SPectively. Fig. 3(g) and (h) shows a comparison between test

of eight different contrast regions (four positive contrast regioffgéthods through a profile of their effect on a positive contrast
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iy (g)

Fig. 6. The results of an ultrasound image of a kidney. (a) Original speckled image with line mark superimposed. (b)—(e) Images processed with NCD, AWM
WS, and WSCE methods, respectively. (f) and (g) Profile of the evolution of the row line labeled in (a) with different algorithms.

line. Image results show that the proposed method looks vy Clinical Ultrasound Imaging Data

close to the reference image. Profile results show that although

all methods, in general, preserved the locality of boundaries, thePhantom images proved the efficiency of the proposed model

NCD model also stayed close to the reference intraregion valieseparating Rayleigh distributed noise while preserving both

with minimal variations within each region. the locality of edges and the intraregion mean value. With the
To evaluate the results in a quantitative manner, ttsmplicity of phantom structures (boundaries only), the behavior

mean-square error (MSE) of the different techniques is listefl NCD is similar to MCM model. In the following, we present

in Table I. As can be observed, the result of the NCD model éscomparison using three different clinical ultrasound images

superior to other techniques. corresponding to images of the heart, kidney, and liver images.
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1 L] ]
i 1 1 Rl B T

(f (g)

Fig. 7. The results of an ultrasound image of liver texture and blood vessels. (a) Original speckled image with line mark superimposed. (b)-H@cdesagds
with NCD, AWMF, WS, and WSCE methods, respectively. (f) and (g) Profile of the evolution of the row line labeled in (b) with different algorithms.

These images exhibit different scales of information and should the locality of heart boundaries while maximally
be useful to differentiate between the performances of the four smoothing both cavities and muscular tissue. WS
technigues. Sample results for applying the proposed method on and AWMF could not remove the speckle pattern
clinical images are shown in Fig. 4. inside heart cavity and boundaries were blurred. The
Case 1)Heart image profile line shows that the cavities (marks 2 and 4)
Results of this experiment are shown in Fig. 5. are maximally smoothed while structures (marked

The proposed model succeeded in preserving as 5) are best preserved by NCD.
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Fig. 8. Phantom results. (a) Speckled image. (b) Reference image. (c), (€), (g), (i), and (k) Evolution of unbiased diffusion after four, eigland 2016
iterations, respectively. (d), (f), (h), (j), and (I) Evolution of pseudobiased diffusion after four, eight, 12, 16, and 20 iterations, rgspectivel

Case 2)Kidney image Case 3)Liver image
The results of this experiment are shown in Fig. 6. The results of this experiment are shown in Fig. 7.
NCD succeeded to achieve speckle smoothing while This case contains both small and large details. From
preserving the structures and without any noticeable the evolution lines, we can see the high sensitivity of
dilation. It can be seen that the NCD model compares the new NCD model to small details and none of the

favorably with the other three models. marked details has been distorted.
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Fig. 9. The evolution of a real ultrasound image with both models. (a) Original speckled image. (b)—(f) The evolution with the unbiased diffusionfafte,
six, eight, and ten iterations respectively. (g) Speckled image with a detail line position indicated. (h)—(l) Evolution with the pseudobidsegtentade four,

six, eight, and ten iterations, respectively.

C. Pseudobiased Model Results utilized the same values for the common algorithm parameters.
To clarify flow improvement by the proposed model, we did
The NCD model was applied with the eigenvalues as in (18) tiee phantom experiment with relaxed parameters. Both models
represent the unbiased diffusion and with the eigenvalues of (2re applied to filter phantom images for 20 iterations with a
to represent the proposed pseudobiased diffusion. Both modetfse stepAt = 3 per iterationa = 1, s = 70, andg = 0.05
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Fig. 10. The evolution of a real ultrasound image of the heart with both models. (a) Original speckled image. (b)—(f) Evolution with the unbisisedadtiéiu
two, four, six, eight, and ten iterations respectively. (g) Speckled image with a detail line position indicated. (h)—(l) Evolution with theigsediduidel after
two, four, six, eight, and ten iterations, respectively.

in the pseudobiased model. Fig. 8 shows the evolution of bothThe two algorithms were applied to filter real ultrasound im-
models with successive iterations. Fig. 11(a) and (b) shows thges of a blood vessel and the heart chambers. The size of both
evolution of a line passing through different positive contraghages was 25& 256. In this experiment, we employed pa-
regions with both models. rameter values that are more conservative. Both models share
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Speckled line {e) U
............... Reference line.
................... Filtared line.

Fig. 11. Plot of reference lines from images of previous figures to observe the evolution with unbiased diffusion (left). The evolution withgsseldiffioision
(right). (upper panels) A positive contrast line from Fig. 8. (middle panels) A line whose position is marked in Fig. 9. (lower panels) A line wtiosesosi
marked in Fig. 10.

the same parameters for ten iterations with a time step- 2 From the above results, we observe that the edges of both
per iteration,a = 1, s = 20, and/3 = 0.2 in the pseudobi- phantom and vessel images have been restored better with the
ased model. Figs. 9 and 10 show the results obtained from piseudobiased model even with excessive iterations. The unbi-
two images. Fig. 11(c)—(f) presents the evolution of two lineesed model is still iteration-dependant and thus continues to-
through the images. ward the trivial single gray level solution. Edge preservation and
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iteration-robustness of the proposed model come at only min{3]
imal extra complexity in the implementation of the model. Both
unbiased and pseudobiased models require almost the same tinlnﬂ
per iteration. Since the modification was merely in the determi- [5]
nation of the diffusion components, the proposed models share
the same simplicity of discretization. Only two additions and
two multiplication operations are needed per pixel for embed-
ding of the distance component of (19) Considering the overall
complexity, these additional operations can be neglected.

VI. DISCUSSION (8]

From the experiments above, we notice that wavelet-based
methods require converting the image to the Cartesian spacgg
This contributes to extra computational time and also reduces
solution accuracy. In addition, the AWMF model does not faith—[ 10]
fully consider the 2-D nature of the image. On the other hand,
the MCM method was designed to enhance piecewise constant
images, which are not generally common in ultrasound imaging11
Moreover, this method is noise-sensitive due to the use of second
order derivative in estimating the direction of mean curvaturefi2]
which can drastically degrade the results. The proposed model
mimics MCM only near borders and highly specular regions[lg]
where MCM is an optimal model.

The results suggest that the new technique has a large
potential in assisting segmentation techniques and automat%]d”
area/volume calculation methods. Examples of these are
the area calculations of heart chambers and urinary bladddt]
Moreover, the implementation of the new NCD model enabled, .
a computational rate of one image per 50 ms (computed as
16 ms/iteration for an average of three iterations) on a modest
computational platform consisting of a PC with Pll 366-MHz [17]
microprocessor. This shows the possibility of real-time use in
commercial ultrasound imaging systems given the much highéd#ts]
computational speeds attainable with current PC technology.
Moreover, the selection of the parameters of the iteration wagg;

observed to be robust for different types of images.
[20]

VII. CONCLUSIONS
. I [21]
A new nonlinear coherent diffusion model was proposed to

reduce ultrasound speckle while preserving the appearance of

. . 2]
structured regions and organ surfaces. The new technique has
the advantages of robust parameter selection, speed of compes]
tation and preservation of texture and organ surfaces. The new
technique has a large potential in real-time ultrasound imagin?24
enhancement and in assisting automated segmentation/calcula-
tion techniques.

(29]
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