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Speckle Reduction and Contrast Enhancement
of Echocardiograms via Multiscale
Nonlinear Processing

Xuli Zong,* Andrew F. Laine, and Edward A. Geiser

Abstract—This paper presents an algorithm for speckle re- accuracy of computer-assisted methods. Poor image quality
duction and contrast enhancement of echocardiographic images. often makes feature extraction, analysis, recognition, and quan-
Within a framework of multiscale wavelet analysis, we apply i4iive measurements problematic and unreliable. The promise
wavelet shrinkage techniques to eliminate noise while preserving . . .
the sharpness of salient features. In addition, nonlinear processing Of image restoration and contrast enhancement has motivated
of feature energy is carried out to enhance contrast within a considerable amount of research in imaging science and
local structures and along object boundaries. We show that medical imaging [1]-[11]. The denoising and feature enhance-
the algorithm is capable of not only reducing speckle, but also ent techniques developed in this study may help to improve
enhancing features of diagnostic importance, such as myocardial o . . .
walls in two-dimensional echocardiograms obtained from the the a(?curacy and .rel'f”lb'“ty of 'ma‘-?e processmg algorithms
parasternal short-axis view. targeting both qualitative and quantitative problems.

Shrinkage of wavelet coefficients via soft thresholding within Image formation under coherent waves results in a granular
finer levels of scale is carried out on coefficients of logarith- pattern known as speckle. The granular pattern is correlated

mically transformed echocardiograms. Enhancement of echocar- i the surface roughness of an object being imaged. In
diographic features is accomplished via nonlinear stretching fol-

lowed by hard thresholding of wavelet coefficients within selected [12], Goodman presented an analysis of speckle properties
(midrange) spatial-frequency levels of analysis. under coherent irradiance. The primary differences between

We formulate the denoising and enhancement problem, in- Jaser and ultrasound speckle were pointed out by Abbott and
troduce a class of dyadic wavelets, and describe our imple- Ty rstone [13] in terms of coherent interference and speckle

mentation of a dyadic wavelet transform. Our approach for ducti E Kl ducti lier techni includ
speckle reduction and contrast enhancement was shown to be lesdProauction. For speckie reduction, earlier techniques incluae

affected by pseudo-Gibbs phenomena. We show experimentally temporal averaging [12], [13], median filtering, and homo-
that this technique produced superior results both qualitatively morphic Wiener filtering [1]. Similar to temporal averaging,
and quantitatively when compared to results obtained from gpe speckle reduction technique [14] used frequency and/or

existing denoising methods alone. A study using a database of . . . i
clinical echocardiographic images suggests that such denoisingangle diversity to generate multiple uncorrelated synthetic

and enhancement may improve the overall consistency of expert aperture radar (SAR) images which were summed incoherently
observers to manually defined borders. to reduce speckle. Homomorphic Wiener filtering is a method

Index Terms—Contrast enhancement, denoising, echocardio- whic_h con_verts muItipIicati_ve _noise into additiye noise and
grams, multiscale representations, nonlinear processing, speckleapplies Wiener low-pass filtering to reduce noise. In [15], a
reduction, ultrasound images, wavelet shrinkage. coherent image was decomposed into three components, one
of which, called subresolvable quasi-periodic scatter, causes
speckle noise. The component was eliminated by a harmonic
) ] ) analysis algorithm. An algorithm based on the maximum-
N OISE and artifacts can cause signal and image degfgelihood principle and a wavelet regularization procedure for
1 Nl dations for many medical imaging modalities. Differenfng |ogarithm of a radar image was also developed to reduce
image modalities exhibit distinct types of degradation. Raneckle in [16]. A wavelet-based method for speckle reduction
dlpgraphs often exhibit low contrast while images formed < st reported by Guet al. [5]. In the method of Guo
with coherent energy, such as ultrasound, suffer from specilg,) \yavelet shrinkage of the logarithmically transformed
noise. Image degradation can have a significant impact @0, .o is applied to speckle reduction of SAR images. They
image quality and thus affect human interpretation and tg‘?so proposed several approaches to combine the data from
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At first glance, denoising and feature enhancement appear wi | i
to be two conflicting objectives. However, they are simply two f_;"*'i
sides of the same coin. The purpose of denoising is to eliminate
noise, especially those that exist primarily in high-frequency *{G(wy)‘ : f(f:jvjk
bands, while methods of feature enhancement attempt to r oo — v
enhance specific signal details. The difference is that features @ Wl
often occupy a wider frequency band than noise. It is even
more difficult to achieve both objectives when signal details
are corrupted by noise. Traditional spatial and filtering-based
methods for denoising often reduce noise at the price of blurred
features while single-scale conventional methods for contrast
enhancement may amplify noise. Single-scale representation
of a signal in time (or pure frequency) are problematic s,
when attempting to discriminate signal from noise. In our
approach, we achieve denoising and feature enhancemgit; A 3-level DWT decomposition and reconstruction of a 2-D function.
under a framework of multiscale wavelet analysis. We seek to
eliminate noi§e while restoring_or enhanping salient.featurquZQ) can be represented as
Through multiscale representation by a discrete dyadic wavele
transform (DWT) with a first-order derivative of a smoothing W[f (m, n)] = {(W}l[f(m,n)])d=17271<j<J7 SJ[f(mW)]}
function as its basis wavelet we can distinguish feature energy (1)
from noise reasonably well. The objectives of denoising and 4 , . .
feature enhancement are achieved by simultaneously lowerfiger® Wi'l/(m.n)] is a wavelet coefficient at scal’ (or
noise energy and raising feature energy through judiciolfV€! 7). position (m,n), and spatial orientation (one for
nonlinear processing of wavelet coefficients in the transforfPrizontal and two for vertical);[f(m, n)] is a coarse scale
domain. Through parameterized processing, we are able@gProximation at the final level' and position(m, n). For
achieve a flexible control and the potential to reduce specklgtils about DWT's, we refer the reader to [22].
and restore (or even enhance) contrast along features, such ag'€ finite-level dyadic wavelet decomposition in (1) forms
object boundaries. As in our earlier work [21], this approac"ﬁ complete representation for a J-level DWT. For a particular

for speckle reduction and contrast enhancement is less affecté$s Of 2-D dyadic wavelets, such as the first-order derivatives
6spllne smoothing functions, Mallat and Zhong [22] showed

by pseudo-Gibbs phenomena [8]. Our approach is similar% > ) , .
the method reported by Guet al. [5]. The differences are that the finite-level direct and inverse discrete DWT of a 2-D

that 1) different wavelets and multiscale overcomplete reprdiScrete function can be implemented in terms of four filters,
sentations are used in our approach, and 2) an enhancenféry > @and L. The four filters should satisfy the foI!owmg
mechanism is incorporated into our denaising process. perfect decomposition and reconstruction conditions:

win |

2
win |

G(:’wy,x‘

Hyw,)
Il{wy)

Hiw,)

Wi
? Hpw,)

.
W) _
. Hiow)

i (2w, )

Hiw,)

S
M H{;‘wy )

Henoy S [ Hew, )
Hidw, ; Hitw, )

This paper is organized as follows. Section Il presents a |H(w)]? + G(w)K(w) =1 2
finite-level discrete DWT which is formulated in two di- 14 |H(w)?
mensions. Our method for speckle reduction and contrast L(w) - 9 3)

enhancement under multiscale wavelet analysis is describedhe dyadic wavelet decomposition in (1) can be formulated

in Section Ill. This includes speckle noise modeling, wavelgj terms of the following recursive relations between the two
shrinkage for noise reduction, nonlinear stretching (featuf@els j and j + 1 in the Fourier domain as

energy gain) for contrast restoration and enhancement, and _,; vod . NG

the complete algorithm in overview. Section IV presents ex- I/I/J'Jrl[f(w’”’wy)] _G(Z,w’”)% [f(was )] )
perimental results, analysis, and discussions. In Section V, W7, [f(ws,wy)] = G(2/wy)S;[f (we,wy)] (5)
we describe a stqd_y using clinical images to te;t the per- §j+1[f(wx,wy)] :H(2jw,;)H(2jwy)$‘j[f(wx,wy)] (6)
formance of denoising/enhancement on the consistency and ~ N .

reliability to manually defined borders by expert observerdNerej = 0, and So[f(ws,wy)] := f(ws,w,). The recon-
We show via quantitative measurements that borders defif8@/ction:So[f(w=, wy)] from a dyadic wavelet decomposition
by experts on denoised and feature-enhanced echocardiogr&ffs P& represented recursively as

were more cgnsistenktI tr:jan trr:ose ggtected orllzyhellcor;esp.ond\i,/élgf(wm, wy)] = le_i_l[f(ww, w K (2w, ) L(27w,)
unprocessed) speckled echocardiograms. Finally, Section s j ;

(unp ) =p 9 y W2 (0, o) L2 ) K (2y)

concludes the paper. . .
+ 81 [ (w0 JH(2wa) H(2wy)  (7)

whereH is the complex conjugate di. The DWT decompo-
sition and reconstruction based on the above recursive relations
The multiscale DWT developed by Mallat and Zhong [22hre shown as a block diagram in Fig. 1. The reconstructed
has been previously applied in areas including edge detectigii(m, ») is equal tof (m, n) when no processing is performed
texture analysis, noise reduction, and image enhancemento® W[f(m,n)]. The finite impulse response (FIR) filters
finite-level discrete DWT of a 2-D discrete functigi¢m,n) € shown in Table | were defined in [23], similar to those

Il. DISCRETE DYADIC WAVELET TRANSFORM
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TABLE | (8) can be approximated by
IMPULSE RESPONSES OFFILTERS H (w), G(w), K (w), AND L{w)
f(z,y) = g(z, y)nm(z, v). 9)
FIR filters . L .
To separate the noise from the original image, we take a
no () g(n) k(n) I(n) logarithmic transform on the both sides of (9)
—4 0.001953125 log(f(z,v)) = log(g(z,y)) + log(nm(x, v)). 10
_ 0.00390625 o e | g(f(z,y)) = log(g( L).) g(mm(z,9)).  (10)
) 0.0625 —0.03515625 0.0546875 Equation (10) can also be rewritten as
-1 025 1.0 —0.14453125 0.109375 ! _ 1 !
0 0375 —-10 —0.36328125 0.63671875 F@,y) = 9/(@,9) +a(2,y). (11)
1 025 0.36328125 0.109375 Now we can approximate’ (z,y) as additive white noise
2 00625 0.14453125 0.0546875  and may apply various wavelet-based approaches for additive
3 0.03515625 0.015625 noise reduction. With uniform sampling, we obtain the
4 0.00390625 0.001953125 ' ’

discrete version of (11) as

fl(m,n) = g'(m, n) +n,(m,n) (12)
developed in [24]. The discrete functid(w) is defined as \yhere (m,n) € 22, fi(m,n) = fi(mI, + se.nTy + 5,),
%, h(n)e*™. Our speckle reduction and contrast enhancg-  4ng T, are sampling periods along horizontal and

ment were accomplished in the transform domain by judicioygtjcal directions,s, and s, are sampling shifts. A DWT
multiscale nonlinear processing of such wavelet coefficients 5 jinear transform. so we have

obtained in this manneivf{f(m. n)a-1.21555. W m,m)] = Wglm,m)] + WhikGmm)] (13

I1l. SPECKLE REDUCTION AND CONTRAST ENHANCEMENT where

Ultrasound imaging techniques are widely used in medical ~ W[g'(m,n)] = {(Wf [gl(mvﬂ)])dzLQJSjSJ,
diagnosis. Its noninvasive nature, low cost, portability, and 1
real-time ima i i i - Sslg'tm.m)] §

ge formation make ultrasound imaging an attrac

tive means for medical diagnosis, especially in cardiology. One ~ W{rk(m,n)] = {(Wf ACTED]
of the limitations of ultrasound images is poor image quality S [
affected by speckle noise. Speckle reduction remains a difficult o [_77“(”.1’ )]} ) o
problem due to the lack of reliable models to estimate noisainc@ speckle noise lies in high spatial frequency, it will
Speckle under different imaging media, such as laser, radar,r@,qaluce to near zero after a finite number of repeated smoothing
ultrasound, may appear distinct. However, the granular patt@perations, s@ 1}, (m,n)] — 0. In fact, at most a five-level
under each of these media is produced by coherent interferegvelet decomposition is needed to smooth out noise for
related to the roughness of object surfaces. An approxim&@st noise reduction applications we conducted. This is why
speckle noise model [1] is formulated here without tempor#feé carry out speckle noise reduction through eliminating
averaging. We apply this speckle noise model within a framgoise energyX, ; (W[} (m,n)])*. For image restoration
work of multiscale wavelet analysis for speckle reduction ariirposes, it is desirable to recova¥[¢'(m,n)] from a
feature enhancement of echocardiographic images. By incBWT W[f!(m,n)] by reducingW[n’(m,n)] in the wavelet
porating a feature enhancement mechanism into a denoisitagnain. For noise reduction and feature enhancement, we
process, we are able to not only reduce noise, but also restomnt to further increase the sharpness of features of interest,
features of importance to cardiology. Since in this paper veeich as myocardial boundaries, through nonlinear stretching
are more interested in noise reduction and feature enhancem&mtfeature energy gain on signal deta]iléf[gl(m, n)].
of images, the problems of denoising and enhancement ardain showed a similar homomorphic approach [1, pp.

formulated directly in two dimensions. 313-316] for speckle reduction of images with undeformable
objects through temporal averaging and homomorphic Wiener
A. Approximate Speckle Noise Model filtering. The motion and deformable nature of human hearts

An accurate and reliable model of speckle noise is desiraffough time prevents us from getting the same status of the
for efficient speckle reduction. It remains a difficult problenf€ft ventricle for multiple frames. Since we treated noise and
Jain [1] presented a general model for speckle noise as features differently, we were able to accomplish a better result

than denoising only algorithms.
f(z.y) = g9(z, y)nm(z, y) + na(z, y) 8

where g(z,y) is an unknown 2-D function, such as
noise-free original image, to be recovered(z,y) is a During the last few years, a number of wavelet-based de-
noisy observation ofg(z,y),nm(x,y) and n.(z,y) are noising techniques [3], [4], [8], [22], [25], [26] were developed
multiplicative and additive noise respectively, and y are while several wavelet-based contrast enhancement methods
variables of spatial locationgyz,y) € R?. Since the effect [6], [7], [17] were available. To achieve both objectives of
of additive noise (such as sensor noise) is considerably snd#hoising and enhancement, we need 1) a representation which
compared to that of multiplicative noise (coherent interferingjan separate features from noise, 2) effective denoising and
(Ina(z,WII? < llg(z, y)nm(z,v)]|?) in echocardiograms, feature enhancement techniques. Wavelet shrinkage methods,

B- Wavelet Shrinkage and Feature Emphasis
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such as hard thresholding and Donoho’s soft thresholding, Soft Thresholding vs Hard Thresholding

have been investigated for speckle reduction of images on N , , , { " " " ]
a logarithmic scale. An advantage of soft thresholding is 3
that it provides smoothness while hard thresholding preserves °¢[ =~ 8oft Thesholdng : 0
features. After converting multiplicative noise into additive ~ os- ~ "eTEod | A
noise [see (10)] through a log homomorphic transform, we  sat f - A

apply soft thresholding at fine scales (such as levels 1 and/or | f b ]
2) and hard thresholding within middle levels (such as levels | - T
3 and/or 4) to eliminate noise. We also applied a method of A S
nonlinear contrast stretching in a wavelet domain to enhance -°2 ‘
myocardial features. In our approach, we take advantage of -v4- -~ ! f 1
both thresholding methods. Donoho’s soft thresholding method -~ ; j
[26] was developed on an orthonormal wavelet transform 3
[27], primarily with Daubechies’s Symmlet 8 basis wavelet. ‘
Previous denoising results have shown some undesirable side [ . . . . . . . ., ]
effects, including pseudo-Gibbs phenomena [8]. By employing oo v T
a DWT and an antisymmetric basis wavelet with few oscil- . . . .

. : . ig. 2. Thresholding methods for denoising, whergr) is an input to
lations, we are relatively free from such side effects aft@{resnoiding operators and(=) is the output.
denoising. Our experiments show that a DWT with a first-
order derivative of a smoothing function as its basis wavelet
can separate feature energy and noise energy in the transform
domain. In this algorithm, we adopt regularized soft thresh- Tonan
olding (wavelet shrinkage) to remove noise energy within
the finer scales and nonlinear processing of feature energy
to enhance contrast. Hard thresholding is incorporated for
preserving features while removing small noise perturbations
within the middle levels of analysis. The wavelet shrinkage
and feature emphasis techniques were described in [10], which min T ‘
are refined and included here for the completeness of the 1 g Level
algorithm.

1) Wavelet Shrinkage by Soft Thresholdirgoft threshold- Fig- 3. A simple scaling factor function.
ing [26] operation can be represented as

d

u =7 (v,t) =sign(v)(jv] — t)4 (14) for o} while Ty, is @ minimum factor,l1 < j < J, and

where the threshold parameteiis proportional to the noise

level o, and u is the result of soft thresholding and has thgdﬂ : naril lculated usina? and a d g fact
same sign as if nonzero. Expressiof|v| — t) is defined as IS pnimartly caiculated using7y: and a decreasing tactor

(o] = t)4 = { ol =2, i Ju] >, function for the computation of regulated thresholds.
0, otherwise. 2) Feature Emphasis by Generalized Adaptive Gaidap-

d € {1,2}. For the case of an unknown noise level, we use
g% to estimate the noise level of a signal or image. Threshold

Twmax — a(j — 1). Fig. 3 shows one simple scaling factor

DWT coefficients can be modified for noise reduction by tive gain nonlinear processing [7], [17] has been successfully
Wfi:*[f(m n)] :T(W‘»l[f(m n)] t‘?) (15) utilized to enhance features in digital mammography. The
J bl J bl 1 vy

whered = 1,2, = 1,---,k, k < J, and t;? is, in general,
a threshold related to the noise level, orientation, and sc
Donoho’s method of soft thresholding uses a single glob

. ) o é‘é\in (GAG) operator is defined as
threshold. Since noise coefficients under a DWT have average

decay through fine-to-coarse scales, we regulate soft thresh- 0, if o] <71,

olding by applying coefficient dependent thresholds at distinct Ecac(v) = sign (v)Tz +, if 7> < |v] < T,
scales. Fig. 2 shows a soft thresholding operation compared v, otherwise

with hard thresholding. 17)

The regulated thresholoﬂf can be computed through aW

linearly decreasing function herew = a(15 —1o)(sigm(c(u —b)) —sigm(—c(u+b))), v €

_ [-1,1], w = sign(v)(|v| - T2)/(T3—T2), b€ (0,1),0 < T7 <
d _ (Tonax — @(j — 1))0f, if Tax — a(j — 1) >Tmin, Tp< T3 < 1,cis a gain factor, and can be computed as
J ﬂllin0?7 otherwise 1

“= sigm(e(1 — b)) — sigm(—c(1 4+ b))

is the standard deviationy is a decreasing factor sigm(z) = - (19)
e €T

(16) (18)

where 0}1

between two consecutive level$,, ... is a maximum factor

adaptive gain operation was generalized to incorporate hard
thresholding to avoid amplifying noise and remove small noise
rturbations within middle scales [10]. A generalized adaptive
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Generalized Adaptive Gain: c=10, b=0.35 T1=01, T2=02 T3=08
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Fig. 4. A sample GAG function.

(b)
9{ LOgJ—{DWT}—){DCN }—{ Enh J—{IDWT}—){ EXPJ—> Fig. 7. Results of denoising and enhancement. (a) A noisy ES frame. (b)

Wavelet shrinkage denoising-only method. (c) DWT-based denoising and
Fig. 5. An algorithm for speckle reduction and contrast enhancement, €nhancement.

Egac(v) is simply an enhancement operator, &1d7», and operation during denoising to further diffuse the pulse energy
15 are selected parameters. WHeEn= 1> = 0 andZ; = 1, within one or two octaves of high frequency. For instance,
the expression is equivalent to an adaptive gain operatorvie used a X 3 window to smooth wavelet coefficients at the

[17]. The interval [I3,73] serves as a sliding window for first level before applying wavelet shrinkage to clinical image
feature selectivity. It can be adjusted to emphasize featugg®cessing under Section V. The center pixel had weight four,
within a specific range of variation. The GAG operator ithe four horizontal and vertical neighbor pixels had weight
used to accomplish contrast enhancement through nonlineao, and the four diagonal neighbor pixels had weight of one.
stretching of wavelet coefficients. By selecting a gain, a win-

dow, and other parameters, we achieve distinct enhancement. |V. EXPERIMENTAL RESULTS AND DISCUSSIONS

Thus, through this nonlinear operator, DWT coefficients are

Our multiscale homomorphic algorithm for speckle reduc-
processed for feature enhancement by

tion and feature enhancement was tested on echocardiograms
W [f(m,n)] = M¢Egac (WEf(m,n)]/MY)  (20) of varying quality. These image sequences were acquired
Mf _ max(|Wf[f(m,n)]|) (21) from the parastern_al_ shor_t—aX|s view. Figs. 6 and 7 present
m,n the results of denoising with or without feature enhancement
where position(m, n) € D, the domain off(m,n),d =1,2, on end diastolic (ED) and end systolic (ES) frames. The
jed{k,---,J},andl < k < J. Fig. 4 presents an adaptivespeckled original frames are shown first. Results from wavelet
gain function with feature selectivity. shrinkage denoising only and denoising with enhancement are
3) Overview of Algorithm for Speckle Reduction and Feahown in the Fig. 6(b) and (c), respectively. Fig. 8 shows
ture EnhancementThe functionality and operations of thea nonlinear operator for enhancing the image in Fig. 7(a).
algorithm can be approximated by the formula This operator looks much different from Fig. 4 because of the
* _ —1[ps ) log transform. Experimental results are also compared with
(g7 (m, ) = (eXp (W [EGAG(TS(W[IOg(f(m’n))]))])) other speckle reduction techniques, such as median filtering,
(22) extreme sharpening combined with median filtering [18], [19],
where (m,n) € Z2. For the denoising operato?;, and homomorphic Wiener filtering, and a wavelet shrinkage de-
enhancement operatéif, , ~, we have added the subscript anthoising [25], [26]. Figs. 9 and 10 show sample results of the
superscripts to show the selectivity of various parameters imbove mentioned methods on two typical frames from two
the two operations. In (22);*(m,n) is a recovered image of different echocardiographic sequences with the left ventricle
an unknowng(m,n) defined by (8) with features enhancedas the region of interest. Since the noise-free original image
The complete algorithm with six major steps is shown asweas not available for our test image, the homomorphic Wiener
block diagram in Fig. 5. filtering method used the Gaussian low-pass filtered version
Our test images included noise-induced spikes amofwith = 0 ando = 1.1) as an approximation of the original
wavelet coefficients at finer scales due to a significant amoumage and applied Wiener smoothing filter [1, pp. 280-281]
of intensity drop caused by signal cancellation under coheraatreduce speckle from the noisy image. Fig. 9(a) is a sample
interference. We incorporated a spatially weighted averagingisy image. The result of median filtering with a<% mask
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Generalized Adaptive Gain
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Fig. 8. A GAG function for processing an ECG in Fig. 7(a). The parameter
setting areb = 0.08,¢ = 10.0, T1 = 0.03,72 = 0.05, and7T3 = 0.4.

is shown in Fig. 9(b). Fig. 9(c) displays a sample result of
extreme sharpening combined with median filtering. The result
from homomorphic Wiener filtering is shown in Fig. 9(d). The
last image, Fig. 9(e) and (f), displays the result from wavelet
shrinkage denoising only and our denoising and enhancemen
algorithm. The setting of parameters for Fig. 9(e) are as
follows. Wavelet shrinkage denoising was applied only at the
first and second levels with the scaling factor in (16) being 0.4
and 0.2, respectively. Fig. 9(e) shows the result of denoising.
Fig. 9(f) resulted from the same denoising parameters plus
a feature enhancement operation before reconstruction. Th
feature enhancement operation was performed only at the third
and fourth levels. The parameters wede= 0.08, C' = 10, (e) 0]
T1 = 0,72 = 0.05, and 73 = 0.35. In this experiment, Fig. 9. Results of various denoising methods. (a) Original image with
we used relatively large thresholds for wavelet Shrinka%@ec_kle noise. (b) Median filtering. (c) Extreme sharpening combined with
. . edian filtering. (d) Homomorphic Wiener filtering. (e) Wavelet shrinkage

compared to those used in the next experiment. More NOWRGoising only. (f) DWT-based denoising with enhancement.
has been removed, therefore, we &t = 0, so that there
would be no further reduction in noise during feature enhandaelp to fine tune these parameters and to produce enhancement
ment. We can fine tune the thresholds &f#l to optimize results. To enhance fine signal details, such as microcalcifi-
the noise reduction and feature preservation. The parame@iions in mammographic images, we try to modify wavelet
setting for Fig. 10(e) are as follows. We have also appligefficients at the first three levels [28]. This is because
wavelet shrinkage denoising at the first and second levels wilges with small sizes can be characterized by relatively large
the scaling factor in (16) being 0.35 and 0.15, respectiveiyavelet coefficients at the first few levels. To avoid amplifying
Fig. 10(e) shows the result of the denoising only methodigitization noise, we add less energy gain to wavelet coeffi-
Fig. 10(f) had the same denoising parameters plus feat@ients at the first level than those at the second and third levels.
enhancement. The parameters for feature enhancement atFieenhancing a large structure boundary, such as myocardial
third and fourth levels areB = 0.086, C = 7, T1 = 0.02, borders, we add gain primarily to coefficients at the third and
T2 = 0.04, and T3 = 0.35. The algorithm produces smooth-fourth levels. As expected, increasing signal energy at the fine
ness inside a uniform region and contrast along structugeales enhanced high-frequency features such as sharpened
and object boundaries in addition to speckle reduction. Tistep edges, while increasing signal energy at the coarse scales
denoised and enhanced results of noisy echocardiographi@roved the visibility of large structures and object bound-
images from this algorithm appear to outperform the resuksies. The histogram and energy distribution of wavelet coeffi-
from soft thresholding denoising alone. Our current algoritheients at each level and orientation can provide helpful infor-
is implemented such that most parameters are set dynamicafigtion for identifying the distribution of noise and feature co-
for adaptive denoising and feature enhancement. efficients, and we can adjust all related parameters accordingly.

The parameters used in the algorithm, including those shownThe settings off}, T, and T3 (0 < 71 £ To<T3 £ 1)
in Fig. 8, were adjusted by trial-and-error. Through our studyre as follows. In a noisy image, coefficients bel@y M]‘?
and experiments, we suggest that the following guidelines wille more likely attributed to noise, Wheﬂoéf is the maximum
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V. CLINICAL CASE STuDY

A study of clinical images was conducted to investigate
the effect of denoising on the consistency and reliability to
manually defined borders of the left ventricle in 2-D short-axis
echocardiographic images by expert observers. Experimental
results indicate the algorithm is promising. Borders defined by
experts exhibit less variation after processing. It seems that in
echocardiograms, where no real borders are clearly visible and
are often incomplete, expert borders usually indicate a close
range where real borders may occur. When two expert borders
agree with each other, the range of real borders is more likely
limited around the two expert borders. The study of clinical
images shows that denoising and feature enhancement help
the consistency and reliability of manually defined borders by
expert observers.

The set of test images included in our study of clinical
images was selected from an echocardiographic database ex-
hibiting diverse image quality. Sixty systolic sequences of
2-D short-axis echocardiographic images were selected. Half
of the test images were rated as good quality while the
rest were considered as poor quality. For more details about
how these echocardiographic sequences were acquired, see
reference [29]. Statistical results have shown that there is
some improvement in consistency and reliability for manu-
ally defined borders by expert observers examining denoised
images compared to their original noisy images. Quantitative
measurements were calculated in terms of the mean of absolute
border differences (MDistDiff) in distance (mm) and the mean
of border area differences (MAreaDiff) in énThe border
difference was measured by its close approximation in 64
radial directional difference from an estimated center [29]
of the left ventricle. MAreaDiff is defined as the absolute
Fig. 10. Results of various denoising methods. (a) Original image wifrea difference of two borders. Manually defined borders by
Speé:_kle P"?;ﬁ] (b()d;\/lagir?‘r;r;ig?fir?i% \Sﬁéfggrﬁ&?inshagwa% eclg?“s;]f:ﬁﬁ( é;’Viéb(perts looking at poor images were improved after denoising.
gqeenc;?sri]ng-onlygr‘nethod. 0 DWTbased denoising 9 o enhamcamant - 9The statistical results of quantitative measurements of two

sets of borders manually defined by two experts are shown

coefficient at levelj and orientationd (horizontal or vertical). I Table Il. The statistical computation results listed under
These coefficients are set to zero to suppress noise. Forll column “Ori” are the quantitative measurements between
image with a high level of noisd; can be set relatively large. tWO sets of expert borders on the original speckled images
The parametef; can be set close to zero for a relatively noisevhile the results under the column “Enh” are based on the
free image. The coefficients in the range[ﬁf*M]{l’TQ*M]{l] denoised and enhanced images. It is worth mentioning that
are considered at risk for enhancement because they @afingle set of denoising and enhancement parameters was
represent noise or weak feature coefficients with a relativeped to process all the test echocardiographic images used in
equal chance. They are left unchanged to avoid amplifyifigis study. We suggest that a single value set of parameters
noise. The coefficients in the range [df, M, T3 = M;] should suffice for denoising and enhancing a class of images
are really what we want to enhance by adding gain. Théth a similar noise pattern and selected features. For the
contrast of a feature with coefficients larger tha x M;.l clinical images of this study, wavelet shrinkage denoising was
is already good, so we leave those coefficients unchanged. &pplied at the first and second levels with the scaling factors
can adjustl> and 73 toward zero to enhance weak feature# (21) being 0.15 and 0.12, respectively. The parameters
with coefficients in the range dff, Mf,Tg * M;i]. A large for feature enhancement at the third and fourth levels are
window ([T * M]‘,ﬂ Ty de]) helps to achieve the overall B = 0.01,71 = 0.05,72 = 0.05, and73 = 0.55. The values
enhancement while a small window can be used for selec@idC at level 3 and 4 are 8 and 40, respectively. We used
enhancement. An enhancement function with a largim relatively small thresholds to avoid over-smoothing the images
(17) adds more gain to selected wavelet coefficients and #ued added more gain at level 4 than level 3.

parameter can be adjusted to achieve a distinct effect of featuré&ig. 11 shows the correlation between the areas delineated
enhancement. Paramefecan be used to control the shape oby the two expert observers. The four diagrams in Fig. 11(a)
an enhancement function. present the correlation of ED Epi (epicardial) border areas,
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TABLE I
QUANTITATIVE MEASUREMENTS OF MANUALLY DEFINED BORDERS
All Images Good Images Poor Images
Ori versus Enh Ori versus Enh Ori versus Enh
MDistDiff Endo 2.1040 1.8168 1.5972 1.5322 2.6118 2.1014
(in mm) Epi 1.7846 1.6743 1.3979 1.5886 2.1713 1.7601
MAreaDiff Endo 2.3731 1.8893 1.6597 1.4543 3.0865 2.2058
(in cn?) Epi 2.5676 2.0799 1.5823 1.9540 3.5528 2.324
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Fig. 12. Border difference variation on the original images. (a) Distribution
of Epi ED border differences. (b) Distribution of Epi ES border differences.
(c) Distribution of Endo ED border differences. (d) Distribution of Endo ES
border differences. The solid lines are the third-order polynomial fitting curves.

ED Epi & tea — DeNoised Limage

Observet 2
Obsetvet 2

the ideal regression line. Additional improvement can be seen
on the Endo area correlation for the denoised images. In most
echocardiograms, there is usually less Endo border information
than Epi border information. Noisy border information affects
border interpolation by human observers for the manually
defined borders. After denoising, Endo border information is
improved, so the expert border areas tend to agree with each
other, especially ES Endo areas. The statistical computation
. : : : 1o results shown in Table I, support this analysis.
T ; : ; p : : : Fig. 12 shows the distributions of mean border differences
°ow o B a O l? 30 on the original images; 1) the distribution of Epi ED border dif-
b ferences, 2) the distribution of Epi ES border differences, 3) the
®) distribution of Endo ED border differences, and 4) the distribu-
Fig. 11. Area correlation between manually defined borders by two expgign of Endo ES border differences. A mean border difference
cardiologist observers: (a) on the original noisy images and (b) on the denoisedn . | .
images with features restored or enhanced. was computed along 64 eqwangular_ radial segments from a
common center [29]. Each of the line segments intersects

) ) the two manual borders, each once. The absolute difference
ES Epi border areas, ED Endo (endocardial) border areas, ga¢lveen the two intersection points along each segment was

ES Endo border areas on the original noisy images. The fo§mputed before averaging. Fig. 13(a)—(d) shows the distribu-
diagrams in Fig. 11(b) show similar results for the denoisgfbns of mean border differences on the enhanced images, sim-
images with features restored or enhanced. The solid linesjlir to Fig. 12(a)—(d). The solid lines in Figs. 12 and 13 are the
the figure are the linear regression lines, while the dash amitd-order polynomial fitting curves in a least-squares sense.
dotted lines are ideal regression lines. From the diagramswith the same scale for both Figs. 12 and 13, Fig. 13 shows
is clear that the points which represent the two expert bordéat border distance differences for enhanced images have
areas on the same denoised image are, in general, more tovgandller means and standard deviations than the corresponding

o] 20 40 (=] 20 o] 20 40 &0
Obselver 1 Obselver 1

EC Endo Area — DelNoised Linage

ES Endo Arca — DeNoised Lioage

T S P e o

w
=]

Observer 2
122
=]
Observer 2




540

Incdaxof Entanoad Image Sequarces

@ (b)

Incdaxof Entanoad Image Sequarces

(d)

(5]

(6]

(7]

(8]

El

[10]

(11]

[12]

(23]

Fig. 13. Border difference variation on the enhanced images. (a) Distributi?m]
of Epi ED border differences. (b) Distribution of Epi ES border differences.
(c) Distribution of Endo ED border differences. (d) Distribution of Endo ES
border differences. The solid lines are the third-order polynomial fitting curveg.s|

differences for the original noisy images as shown in Fig. 12
For more details about this study, we refer the reader to [30].

VI. CONCLUSIONS

[17]

In this paper, we presented a multiscale homomorphijc

approach for speckle reduction and feature enhancement.

showed that two conflicting objectives of denoising and en-

hancement can be achieved through multiscale nonlinear p,

o)

cessing. Through a fine-to-coarse scale space analysis

speckled image on a logarithmic scale, distinct behaviors of

noise and features can be differentiated. We took advantagéZS}

both soft thresholding and hard thresholding wavelet shrinkage
techniques. Nonlinear stretching of wavelet coefficients wa&ll

subsequently performed for feature restoration and enhance-

ment. The algorithm was tested by applying it to a variety
of ultrasound images from an echocardiographic databd3g
exhibiting diverse image quality. Subjective image quality
was improved. The statistical results from a study of cliniz3]
cal images show overall improvement in the consistency of
borders manually defined by expert observers after denoisipg,

and enhancement.
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