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Abstract

In cardiac elastography, the regional strain and strain rate imaging is based on displacement estimation of tissue sections within

the heart muscle carried out with various block-matching techniques (cross-correlation, sum of absolute differences, sum of squared

differences, etc.). The accuracy of these techniques depends on a combination of ultrasonic imaging parameters such as ultrasonic

frequency of interrogation, signal-to-noise ratio, size of a kernel used in a block-matching algorithm, type of data and speckle

decorrelation. In this paper, we discuss the possibility to enhance the accuracy of the displacement estimation via nonlinear filtering

of B-mode images before block-matching operation. The combined effect of a filter algorithm and a kernel size on the accuracy of

the displacement estimation is analyzed using a 36-frame sequence of grayscale B-mode images of a human heart acquired by an

ultrasound system operating at 1.77 MHz. It is shown that the nonlinear filtering of images enables to obtain the desired accuracy

(less than one pixel) of the displacement estimation with smaller kernels than without filtering. These results are obtained for two

filters––an adaptive anisotropic diffusion filter and a nonlinear Gaussian filter chain.

� 2003 Elsevier B.V. All rights reserved.
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1. Introduction

Elastography is a technique for imaging the elastic

properties of tissue that produces ultrasound images

called elastograms, using displacements of tissue ele-

ments caused by tissue contractions. The method, pro-

posed by Ophir et al., estimates local tissue strain

resulting from an external compression applied to the

tissue [1]. In cardiac echocardiography, as the heart

undergoes periodic deformations during the contraction
and the relaxation phases, the estimation of these de-

formations is termed cardiac elastography and is used

for detection and mapping of cardiac ischemia or in-

farction [2,3]. In cardiac elastography, displacement and

strain estimates are obtained from multiple sonographic
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views of a heart, utilizing RF data [2], or envelope-

detected data [3]. Various 2D-tracking techniques have
been proposed for ultrasonic displacement estimation.

These techniques determine the local displacement vec-

tors of speckle patterns in sequential images, usually

using a block-matching algorithm. A block-matching

algorithm usually maximizes the normalized cross-cor-

relation function (NC) between the matching blocks in

the ‘‘reference’’ and ‘‘test’’ images, so that the proba-

bility that a displacement estimate represents the ‘‘true’’
tissue displacement in an image, is also maximized [4].

Since the computational load of estimating the cross-

correlation is very high, in practice two essentially

equivalent approaches are often used, the sum of abso-

lute differences (SAD) and the sum of squared differ-

ences (SSD) [5,6]. The accuracy of the displacement

estimation depends on a set of the ultrasound imaging

system parameters––the frequency of interrogation, the
signal-to-noise ratio (SNR), the size of the kernel used in

the block-matching algorithm, the type of data (RF or

mail to: vera@bm.technion.ac.il


744 V. Behar et al. / Ultrasonics 41 (2004) 743–753
envelope) and speckle decorrelation [7–12]. Results re-

cently published show that for a high SNR, a high signal

correlation, and a large kernel size, the accuracy of

block-matching algorithms (NC, SAD or SSD) is close

to the theoretical limit set by the Cramer–Rao lower
bound (CRLB). In order to improve the SNR and,

consequently, to enhance the accuracy of the displace-

ment estimation, a two-dimensional median filter may

be applied to RF data [5]. In the case of an envelope-

detected data, a linear Gaussian filter is used to improve

the SNR in B-mode images [6].

Unlike [6], it is proposed here to use nonlinear fil-

tering of the B-mode images for enhancing the accuracy
of the displacement estimation in cardiac elastography.

In this paper, the combined effect of a nonlinear filter

and the kernel size on the accuracy of the displacement

estimation is quantified and analyzed.
2. Two-dimensional tracking algorithm

Consider a sequence of B-mode images acquired from

a human heart. For each frame j, ðj ¼ 1; . . . ; JÞ, a user-
defined region of interest (ROI) is selected in image Bj.
The pixel with maximal intensity is found in the ROI.

This is assumed to be the position of the strongest re-

flector in the ROI. In order to estimate the position of

this reflector in the next frame jþ 1, the 2D-tracking

technique based on the computation of the normalized
correlation coefficient is used [4]. As the first step of this

technique, a ‘‘kernel’’ region is selected in image Bj––a
rectangular region inside of the myocardium (Fig. 1).

This kernel region from image Bj is correlated with

identically sized regions (target regions) from a rectan-

gular search area in image Bjþ1 acquired at the next

frame. A rectangular search area in image Bjþ1 is cen-
tered at the position of a kernel region. At each spatial
shift, the normalized correlation coefficient is computed

between the kernel region from image Bj and the target
region from image Bjþ1, given by
Fig. 1. Geometry for two-dimensional search.
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Here, bjm;n represents the amplitude inside the kernel
region at the pixel coordinates ðm; nÞ and bjþ1mþk;nþl rep-

resents the amplitude inside the target region at the pixel

coordinates ðmþ k; nþ lÞ, k represents shift in the X -
direction, l represents shift in the Y -direction, and
ðM � NÞ is the size of both the kernel and the target

regions. The shifts of a target region, corresponding to

the peak of the normalized cross-correlation coefficient

qðk; lÞ, are assumed to be the displacement estimates.
3. The Cramer–Rao lower bound

The displacement estimate variance can be approxi-

mated from an analysis of the correlation errors, de-

pending on the type of data used in a block-matching

algorithm [7–11].
3.1. RF signal

When RF data is used, if the powers of the two sig-

nals being correlated are the same, and the measurement

noise is additive and white, and is of a small magnitude

with respect to the signal, the variance of the fluctuation

of the peak position of the cross-correlation function ðnÞ
can be expressed by [7]:

ðr2nÞaxial ¼
4p

Qaxial � SNR
and

ðr2nÞlateral ¼
4p

Qlateral � SNR
ð2Þ

where Q is the normalized second moment of the signal

power spectrum. According to [7], this model is valid for

fully correlated signals ðq ¼ 1Þ and when the estimation
window is very large. Assuming that the fractional

bandwidth (BW) is defined as the width at half-maxi-

mum power of the Gaussian power spectrum, the value

of Q in (2) can be found as [7]

Qaxial ¼
4p
k

� �2
1

�
þ BW2

8 ln 2

�
and

Qlateral ¼ 0:1
2p

kfnum

� �2
ð3Þ

where k is the wavelength, fnum ¼ R=L is the F -number
of an imaging system, R is the range, and L is the ap-
erture length. Taking into account (3) and assuming that

the SNR’s are the same in both axial and lateral di-

mensions, the expressions for the displacement estimate

variances are given by:
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ðr2nÞaxial ¼
k2

4pð1þ BW2=8 ln 2ÞSNR
and

ðr2nÞlateral ¼ 40ðr2nÞaxialf 2num 1

�
þ BW2

8 ln 2

�
ð4Þ

The smallest displacement errors (4) can be expressed

using the CRLB. These errors can be achieved when

operating under the small error condition (i.e. there is no

ambiguity in the detection of the cross-correlation

peak), and when the noise is white and Gaussian [8–11].

For the case of fully correlated signals ðq ¼ 1Þ, the
minimum variance of the axial displacement estimate

(CRLB) is obtained for additive white Gaussian noise
and relatively high SNR [8]:

ðr2nÞCRLB;axial ¼
c3

8
� 1

4p2f 30 BW � Waxial � SNR
ð5Þ

where c is the velocity of sound and Waxial is the length of

an estimation window in range. For the case of partially

correlated signals ðq#1Þ, the CRLB for the axial dis-

placement estimate is obtained by Walker and Trahey in

[9]:

ðr2nÞCRLB;axial ¼
c3

8

3

2p2f 30 � Waxial � ðBW3 þ 12BWÞ

� 1

q2
1

�"
þ 1

SNR2

�2
� 1

#
ð6Þ

This expression predicts the jitter errors that occur when

aligning broadband signals with flat power spectra,

which have been corrupted by electronic noise and

decorrelated by physical processes such as strain [10].
The SNR term in (2), (4), (5) and (6) represents only the

contribution due to electronic noise. The predicted jitter

magnitude is the minimum error achievable by any un-

biased displacement estimation algorithm, including the

cross-correlation.

3.2. Envelope signal

Varghese and Ophir have obtained the CRLB ex-

pression for axial displacement estimation for the case of

envelope detected echo signals [10]. The expression is

based on the results of Walker and Trahey, which were

obtained for partially correlated RF signals [9]. The

CRLB expression obtained by Varghese and Ophir is:

ðr2nÞCRLB;axial ¼
c3

8

3

2p2f 30 � Waxial � BW3

� 1

q2
1

�"
þ 1

SNR2

�2
� 1

#
ð7Þ

This expression predicts the lower bound of the jitter

errors that occur while estimating the axial displacement

between two partially correlated envelope signals, cor-
rupted by electronic noise. The SNR term represents

only the contribution due to electronic noise (SNR ¼
SNRE). In cardiac elastography, the correlation coeffi-

cient q in (7) varies with the applied strain and is itself
dependent on the window length Waxial, used to compute
the normalized cross-correlation function. In elastogra-

phy, even if electronic noise is absent, undesired differ-

ences between signals kernel and target, influence the

displacement estimation techniques. The main source of

errors is the distortion of the signals due to tissue strain.

Therefore, the correlation coefficient q in (7) can be re-
written in the form:

q ¼ qE � qS ð8Þ
where qE represents decorrelation due to electronic noise
and qS represents decorrelation due to tissue strain.
According to [10,11], the correlation coefficient can be

converted into a SNR measure:

qE ¼ SNRE

1þ SNRE

and qS ¼
SNRS

1þ SNRS

ð9Þ

where SNRE represents the contribution due to the signal
decorrelation caused by electronic noise and SNRS rep-

resents the contribution due to the signal decorrelation

caused by strain. Taking into account (4)–(6) and (7), it

may be concluded that in order to obtain good dis-

placement estimates, high SNR due to electronic noise

and a large estimation window ðWaxialÞ are desirable.
Furthermore, high SNR leads to high correlation coef-

ficient qE in (8) that reduces the estimation errors. The
improvement in the SNR related to electronic noise

(SNRE) can be obtained by two-dimensional image fil-

tration before cross-correlation. Although theoretical

results about the CRLB for lateral displacement esti-

mation have not been reported, the experimental results

obtained by Ramamurthy and Trahey for two-dimen-

sional motion estimation demonstrate the possibility to

improve the accuracy of lateral displacement estimation
by increasing the electronic SNR and the size of the es-

timation window [12].
4. Nonlinear filter description

In cardiac elastography, nonlinear filtering can be

used to increase the electronic SNR in B-mode images,
and thus improve the displacement estimation of mov-

ing elements within the cardiac muscle. Unlike linear

filtering, nonlinear filtering may increase the SNR of the

images while preserving important image elements. This

study attempts to achieve this aim by testing three

variants of nonlinear edge preserving filters, which are

indicated in the literature as the most effective ones for

this purpose. They are: (i) nonlinear Gaussian filter (or
filter chain) that combines the aspects of anisotropic and

robust filtering [13]; (ii) adaptive nonlinear anisotropic
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diffusion filter that not only preserves edges but also

enhances edges by inhibiting diffusion across edges and

allowing diffusion on either side of the edge [14]; (iii)

conventional linear unsharp filter that enhances edges

while controlling sharpening [15].

4.1. Nonlinear Gaussian filters chain

According to [13], the algorithm of a nonlinear

Gaussian filter is suggested to be:

GðrX ; rZ ; pÞ ¼ f ðpÞ þ 1

Np

X
q2P

gX ðkp � qkÞ

� gZðf ðqÞ � f ðpÞÞ � ðf ðpÞ � f ðqÞÞ ð10Þ

with

gX ðtÞ ¼ exp
�t2
2r2X

� �
; gZðtÞ ¼ exp

�t2
2r2Z

� �
;

Np ¼
X
q2P

gX ðkq� pkÞgZðf ðqÞ � f ðpÞÞ

The weight function gX ðtÞ is responsible for image
smoothing while the function gZðtÞ preserves the edges
of the image. In order to enhance the noise reduction, a

parameter can be added to the nonlinear Gaussian filter

[13]:

GðrX ; rZ ; pÞ ¼ f ðpÞ þ g
Np

X
q2P

gX ðkp � qkÞ

� gZðf ðqÞ � f ðpÞÞ � ðf ðpÞ � f ðqÞÞ ð11Þ

According to [13], the parameter g should be in the
range [1, 1.5]. In general, the smoothing effect of a single

nonlinear Gaussian filter (10) may be not satisfactory.

Therefore, several filters in series, with different parame-

ters, rX and rZ , can be used. The first filter of the series
serves mainly for reducing the contrast of the fine details

of the images. The next stages continue this reduction,

but at the same time sharpen the edges of the coarser

structures, which have been blurred by the first step.
Formally, the filter chain may be written as:

IN ¼ GNðrX ;N ; rZ;N ÞGN�1ðrX ;N�1; rZ;N�1Þ . . .G1ðrX ;1; rZ;1ÞI0
ð12Þ

with rX ;n ¼ 2rX ;n�1 and rZ;n ¼ rZ;n�1=2.

4.2. Adaptive anisotropic diffusion filter

An adaptive nonlinear anisotropic diffusion (AAD)
technique must be used for improving the SNR of the

ultrasound images. The theoretical and quantitative re-

sults obtained by Yu in [14] show that the AAD-filter

could eliminate speckle and increase SNR without dis-

torting useful image information and without destroying

the important edges in the image. Formally, the iteration

scheme of the AAD filter can be written in the form [14]:
Inþ1i;j ¼ Ini;j þ Dt � dni;j=4 ð13Þ

where Ini;j is the discretely sampled image, Dt is the time
step size and dni;j are the divergence coefficients, which
are calculated as:

dni;j ¼ cniþ1;jðIniþ1;j � Ini;jÞ þ cni;jðIni�1;j � Ini;jÞ
þ cni;jþ1ðIni;jþ1 � Ini;jÞ þ cni;jðIni;j�1 � Ini;jÞ ð14Þ

with symmetric boundary conditions

dn�1;j ¼ dn0;j; dnM ;j ¼ dnM�1;j; j ¼ 0; 1; 1; . . . ;N � 1

dni;�1 ¼ dni;0; dni;N ¼ dni;N�1; i ¼ 0; 1; 2; . . . ;M � 1

The diffusion coefficients cni;j are given by:

cni;j ¼ c q
1

Ini;j

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
jrRIni;jj

2 þ jrLIni;jj
2

q
;
1

Ini;j
r2Ini;j

 !" #
ð15Þ

where

rRIni;j ¼ ½ðIniþ1;j � Ini;jÞ; ðIni;jþ1 � Ini;jÞ;
rLIni;j ¼ ½ðIni;j � Ini�1;jÞ; ðIni;j � Ini;j�1Þ ð16Þ

r2Ini;j ¼ Iniþ1;j þ Ini�1;j þ Ini;jþ1 þ Ini;j�1 � 4Ini;j ð17Þ

with symmetric conditions

In�1;j ¼ In0;j; InM ;j ¼ InM�1;j; j ¼ 0; 1; 1; . . . ;N � 1

Ini;�1 ¼ Ini;0; Ini;N ¼ Ini;N�1; i ¼ 0; 1; 2; . . . ;M � 1

The diffusion coefficients cni;j (15) are obtained as a result
of discretization of the diffusion function cðqÞ, which
can be chosen as:

cðqÞ ¼ 1

1þ ½q2ðx; y; tÞ � q20ðtÞ=½q20ðtÞð1þ q20ðtÞÞ
or

cðqÞ ¼ exp

�
� q

2ðx; y; tÞ � q20ðtÞ
q20ðtÞð1þ q20ðtÞÞ

�
ð18Þ

where q0ðtÞ is the speckle function, and qðx; y; tÞ is the
instantaneous coefficient of variation determined by

qðx; y; tÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1=2ÞðjrI j=IÞ2 � ð1=42Þðr2I=IÞ2

½1þ ð1=4Þðr2I=IÞ2

s
ð19Þ

where Iðx; yÞ is the image intensity. According to [14],
the speckle function q0ðtÞ can be approximated by

q0ðtÞ � q0 expð�qtÞ ð20Þ
where q is the constant and q0 is the speckle coefficient
of variation in the observed image. For fully developed

speckle, q0 ¼ 1. The experimental results obtained in

[14] show that the constant q could be chosen as 1/6.

4.3. Unsharp masking filter

The linear unsharp masking filter is also considered

here, in order to compare the capabilities of linear and
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nonlinear filters in improving the accuracy of the dis-

placement estimation. According to [15], the unsharp

masking filter subtracts from an image its Laplacian-of-

Gaussian filtered version:

Uðr; k; IÞ ¼ I � k � LoGðI ; rÞ ð21Þ
where Uðr; k; IÞ is the output image, LoGðr; IÞ is the
Laplacian-of-Gaussian filtered version of the input
image I , r is the parameter of the Laplacian-of-Gaussian
filter, and k is the parameter that controls the amount of
sharpening. However, noise is also slightly amplified.
5. Numerical results

A sequence of grayscale B-mode images of a human
heart is acquired using a VIVID III (GE Ultrasound

Ltd, Tirat Hacarmel, Israel) ultrasound system operat-

ing at 1.77 MHz. The converted images are transferred

to the file of movies for further off-line processing. The

frame rate of the acquired images is 38 frames per sec-

ond. One full cardiac cycle, including 36 frames, is used

here for analysis of the accuracy of the displacement

estimation. Four two-dimensional image ROIs (Fig. 2)
are selected and used to investigate how the intensity of

tracked reflectors influences the accuracy of the dis-

placement estimation. The maximal intensity of the

pixels inside the image regions ROI-1 and ROI-4, esti-

mated at each frame, is very high (ROI with strong re-

flectors). It is distributed in the interval [220, 255]. On

the other hand, the maximal intensity of the pixels inside

the image regions ROI-2 and ROI-3, estimated at each
frame, is quite low (ROI with weak reflectors). It is

distributed in the interval [88, 163]. At the current frame

i, i ¼ 1; . . . ; 35, the position of the pixel with maximal
intensity is selected inside each ROI (ROI-1, ROI-2,

ROI-3, ROI-4). The position of the kernel is defined as

the position of this pixel. The new position of the kernel

at the next frame iþ 1 is defined as the position of the
Fig. 2. ROI-2, ROI-3 (top) and ROI-1, ROI-4 (bottom).
peak of the cross-correlation function, between the

kernel window of the image acquired at the current

frame ðiÞ and the target window of the image acquired at
the next frame ðiþ 1Þ (Fig. 1). In our case, the pro-

cessing of the experimental data by the cross-correlation
technique shows that the maximal frame-to-frame dis-

placement of a reflector inside the all selected ROI does

not exceed six pixels in both dimensions (about 2.25

mm).

There are two kinds of errors that occur in the dis-

placement estimation when the two-dimensional corre-

lation search algorithm is used [12]. These errors are

classified according to the magnitude of the error be-
tween the correct and the estimated position of the

correlation peak. The errors that occur when the esti-

mated cross-correlation peak is within the central lobe

of the correct cross-correlation curve (within the reso-

lution cell) are called jitters. The errors that occur when

the estimated cross-correlation peak is outside of this

range are called false peaks. Such errors occur when the

cross-correlation search algorithm finds falsely matched
patterns. The accuracy of the displacement estimation

can be expressed in terms of the root-mean square error

ðEx;EyÞ and the total number of false peaks ðF Þ. The
root-mean-square errors are defined as:

EX ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXNj
i¼1

ðxi � xref ;iÞ2=Nj

vuut ;

EY ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXNj
i¼1

ðyi � yref;iÞ2=Nj

vuut ; Nj ¼ NFRAME � F ð22Þ

where ðxi; yiÞ is the displacement estimate at the current
frame, ðxref ;i; yref ;iÞ is its reference (‘‘true’’) value, Nj is the
total number of jitters, and NFRAME is the number of

frames. The total number of false peaks ðF Þ is defined
as:

F ¼
X35
i¼1
fX ;i � fY ;i;

fX ;i ¼
1; if jxi � xref ;ij > dX=2

0; otherwise

�
;

fY ;i ¼
1; if jyi � yref ;ij > dY =2

0; otherwise

�
ð23Þ

where ðdX ; dY Þ is the size of the spatial resolution cell of
the system in the X - and Y -directions, respectively. The
reference value ðxref ;i; yref ;iÞ can be defined as an estimate
obtained when using a window that guarantees maximal
estimation accuracy. The required size of a reference

window may be based on the experimental results ob-

tained by Ramamurthy and Trahey in [12]. According to

their results, in the case of envelope-detected data, the

cross-correlation algorithm performs with 97% accuracy

for target translation of up to 2.25 mm, if the window
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size is greater than nine spatial resolution cells. Here, the

spatial resolution cell ðdX ; dY Þ is estimated experimen-

tally using the 36-frame sequence of the B-mode images.

The size of the spatial resolution cell in the X - and Y -
dimensions can be found as the full width at half the
maximum (FWHM) of the corresponding autocorrela-

tion function of the system. At each frame, the FWHM-

estimate is computed for the strongest reflector inside

the selected ROI. The maximal size of the spatial reso-

lution cell found in the present net of experimental data

is (17 · 23) pixels for ROI-1, (9 · 19)––for ROI-2,

(13 · 11)––for ROI-3 and (13 · 29)––for ROI-4. Ac-

cording to the graphical results of Ramamurthy and
Trahey in [12], it could be expected that a window of size

(75 · 75), which includes about 15 spatial resolution cells
of size (17 · 23), can be used as a window for estimating

the reference value ðxref ;i; yref ;iÞ. This can be expected

because the maximal frame-to-frame displacement of a

reflector inside each of the selected ROI does not exceed

six pixels or 2.25 mm.

5.1. Impact of the window size

In order to study the impact of the window size on

the accuracy of the displacement estimation, both esti-
Table 1

Different window sizes defined in terms of the resolution volume of the

system

Number of

resolution

volumes (K)

Window size Wk ¼ K Æ resolution volume

ROI-1 ROI-2 ROI-3 ROI-4

1 17 · 23 9 · 19 13 · 11 13 · 29
1.5 21 · 29 11 · 23 15 · 13 15 · 35
2 23 · 33 13 · 27 19 · 15 19 · 41
2.5 27 · 37 15 · 29 21 · 17 21 · 45
3 29 · 39 15 · 33 23 · 19 23 · 51
3.5 31 · 43 17 · 35 25 · 21 25 · 55
4 33 · 45 17 · 37 27 · 23 27 · 57
5 37 · 51 21 · 43 29 · 25 29 · 65
6 41 · 55 23 · 47 31 · 27 31 · 71

Table 2

Root-mean-square errors (Ex and EyÞ, and number of false estimates (False
Window (K) Original image AAD-filter

EX
(pxl)

EY
(pxl)

False

peaks

EX
(pxl)

EY
(pxl)

False

peaks

1 1.34 0.5 0 0.96 0.56 1

1.5 1.03 0.49 0 0.77 0.61 0

2 1.04 0.46 0 0.73 0.6 0

2.5 0.98 0.46 0 0.65 0.49 0

3 0.96 0.33 0 0.63 0.47 0

3.5 0.95 0.27 0 0.52 0.4 0

4 0.92 0.24 0 0.51 0.36 0

5 0.76 0.22 0 0.42 0.32 0

6 0.53 0.2 0 0.34 0.3 0
mation errors, the root-mean square errors ðEX ;EY Þ and
the number of false peaks ðF Þ, are computed for nine
variants of windows Wk ¼ K � dX � dY ðK ¼ 1; 1:5; 2; 2:5;
3; 3; 5; 4; 5; 6Þ as shown in Table 1. The kernel window
for each ROI varies in range from one resolution sell
ðdX � dY Þ to six resolution cells ð6� dX � dY Þ. Taking
into account the CRLB expression for axial displace-

ment estimation (7), it is theoretically expected, that the

accuracy will improve with increased window size, due

to the increase in information content within the kernel

and the target regions. Indeed, the numerical results

presented in Tables 2–5 for the original image show that

for each selected ROI, the root-mean-square errors EX
and EY are reduced twofold when the window increases

from one resolution cell to six resolution cells. The error

in the X -direction is greater than the error in the Y -
direction for regions ROI-1, ROI-2, ROI-4 and less so

for ROI-3. Obviously, the EX -to-EY ratio varies when

varying the angle of view. As shown in Tables 2–5, the

number of false peaks F drastically reduces when with

the window size is increased. The number of false peaks
reduces from 8 to 0––for ROI-4, from 10 to 0––for ROI-

2 and from 6 to 1––for ROI-3, when the window is in-

creased from one resolution cell to six resolution cells. It

must be emphasized that very large kernel sizes translate

into broadening of the main lobe of the autocorrelation

function, which causes a loss in the spatial resolution of

the motion estimation and the strain imaging. There-

fore, the kernel size should be chosen very carefully, as
the result of a compromise between the desired accuracy

of the displacement estimation and the desired resolu-

tion of the strain images. The optimal window size must

be the minimal size that guarantees the required accu-

racy of estimation.

It may be concluded that windows of size W ¼
2:5 � ðdX � dY Þ––for ROI-1, W ¼ 5 � ðdX � dY Þ––for
ROI-2, W ¼ 3 � ðdX � dY Þ––for ROI-3, and W ¼
6 � ðdX � dY Þ––for ROI-4 guarantee root-mean-square

errors of less than one pixel ðEX < 1;EY < 1Þ under the
minimum number of false peaks ðF ¼ 0–1Þ.
peaks) computed for ROI-1

Nonlinear Gaussian filter chain Unsharp masking filter

EX (pxl) EY (pxl) False

peaks

EX (pxl) EY
(pxl)

False

peaks

0.94 0.53 1 1.5 0.37 1

0.78 0.6 0 1.38 0.39 0

0.74 0.57 0 1.3 0.35 0

0.66 0.5 0 0.94 0.31 0

0.61 0.47 0 0.87 0.28 0

0.56 0.37 0 0.95 0.24 0

0.54 0.36 0 0.93 0.23 0

0.43 0.33 0 0.78 0.21 0

0.38 0.29 0 0.57 0.26 0



Table 3

Root-mean-square errors (Ex and EyÞ, and number of false estimates (False peaks) computed for ROI-4
Window

(K)

Original image AAD-filter Nonlinear Gaussian filter

chain

Unsharp masking filter

EX (pxl) EY (pxl) False

peaks

EX (pxl) EY (pxl) False

peaks

EX (pxl) EY (pxl) False

peaks

EX (pxl) EY (pxl) False

peaks

1 2.8 1.17 8 2.99 1.34 4 2.32 1.34 6 4.05 1.81 6

1.5 2.52 1.25 7 2.85 1.23 4 2.85 1.24 4 4.3 1.76 6

2 3.34 1.05 2 1.65 1.08 3 1.72 1.13 3 3.86 1.14 3

2.5 3.25 1.4 2 1.92 0.95 2 2.06 0.98 2 3.25 1.27 1

3 3.21 1.43 1 2.88 0.88 0 2.9 0.86 0 2.95 1.11 1

3.5 2.46 0.95 0 1.6 0.82 0 1.7 0.84 0 2.66 0.94 0

4 1.79 0.94 0 1.43 0.81 0 1.5 0.80 0 2.49 0.93 0

5 1.22 0.93 0 1.1 0.74 0 1.12 0.73 0 1.49 0.92 0

6 0.93 0.83 0 0.9 0.69 0 0.94 0.70 0 1.00 0.98 0

Table 4

Root-mean-square errors (Ex and EyÞ, and number of false estimates (False peaks) computed ROI-2
Window

(K)

Original image AAD-filter Nonlinear Gaussian filter chain Unsharp masking filter

EX (pxl) EY (pxl) False

peaks

EX (pxl) EY (pxl) False

peaks

EX (pxl) EY (pxl) False

peaks

EX (pxl) EY (pxl) False

peaks

1 1.66 0.51 10 1.4 0.83 8 1.35 0.52 10 2.44 0.57 11

1.5 1.76 0.47 5 1.4 0.63 4 1.4 0.61 5 1.64 0.52 6

2 1.6 0.46 5 1.48 0.6 2 1.5 0.62 3 1.65 0.42 5

2.5 1.53 0.4 4 1.4 0.54 1 1.38 0.56 1 1.06 0.49 3

3 0.72 0.4 2 1.14 0.5 1 1.11 0.53 1 0.98 0.46 3

3.5 0.73 0.4 1 1.0 0.48 1 1.72 0.51 0 0.89 0.47 2

4 0.72 0.4 1 0.95 0.47 1 1.63 0.48 0 0.86 0.47 2

5 0.85 0.39 0 0.73 0.45 1 1.28 0.46 0 1.0 0.44 0

6 0.71 0.37 0 0.71 0.41 1 0.72 0.45 0 0.87 0.39 0

Table 5

Root-mean-square errors (Ex and Ey ), and number of false estimates (False peaks) computed for the region of interest ROI-3

Window

(K)

Original image AAD-filter Nonlinear Gaussian filter chain Unsharp masking filter

EX (pxl) EY (pxl) False

peaks

EX (pxl) EY (pxl) False

peaks

EX (pxl) EY (pxl) False

peaks

EX (pxl) EY (pxl) False

peaks

1 0.84 0.71 6 1.18 1.3 9 1.26 0.8 10 1.12 0.53 7

1.5 0.82 0.64 3 1.0 1.29 5 1.01 1.3 5 1.08 0.49 5

2 0.94 0.7 3 1.0 1.15 4 1.0 1.17 4 0.98 0.49 7

2.5 0.84 0.67 2 0.88 1.15 4 0.85 1.14 4 0.81 0.53 5

3 0.74 0.84 1 0.76 1.16 2 0.78 1.16 2 0.84 0.51 3

3.5 0.71 0.86 1 0.66 0.76 3 0.68 0.72 3 0.83 0.5 3

4 0.61 0.84 1 0.57 0.75 2 0.58 0.7 2 0.81 0.5 3

5 0.59 0.82 1 0.46 0.65 2 0.48 0.65 2 0.8 0.48 3

6 0.57 0.82 1 0.49 0.65 1 0.43 0.62 2 0.79 0.5 3
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5.2. Impact of nonlinear filtering

In order to study how the preprocessing by the

nonlinear filtering influences the accuracy of the dis-

placement estimation, the experimental 35-frame se-

quence of B-mode images was filtered before applying

the cross-correlation algorithm. Both estimation errors,

ðEX ;EY Þ and F , are computed for three filters: (i)––
adaptive anisotropic diffusion, (ii)––nonlinear Gaussian

filter chain with three iterations, (iii)––unsharp masking
filter. The numerical results are summarized in Tables 2–

5 and plotted in Figs. 3–14.

In image regions with strong reflectors, such as ROI-1

and ROI-4, the preprocessing of the images by the

nonlinear Gaussian filter chain and by the adaptive

anisotropic diffusion filter can improve the accuracy of

the displacement estimation. As shown in Table 2, for

the image region ROI-1, the root-mean-square error was
less than one pixel and the number of false peaks was

zero for a window W ¼ 2:5 � ðdX � dY Þ without filtering.



Fig. 3. Number of false peaks estimated in ROI-1 for different types of

images and windows.

Fig. 4. Number false peaks estimated in ROI-4 for different types of

images and windows.

Fig. 5. Number of false peaks estimated in ROI-2 for different types of

images and windows.

Fig. 6. Number false peaks estimated in ROI-3 for different types of

images and windows.

Fig. 7. Root-mean square error in X -direction for different types of
images and windows (ROI-1).

Fig. 8. Root-mean square error in Y -direction for different types of
images and windows (ROI-1).
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Fig. 10. Root-mean square error in Y -direction for different types of
images and windows (ROI-4).

Fig. 11. Root-mean square error in X -direction for different types of
images and windows (ROI-2).

Fig. 12. Root-mean square error in Y -direction for different types of
images and windows (ROI-2).

Fig. 13. Root-mean square error in X -direction for different types of
images and windows (ROI-3).

Fig. 9. Root-mean square error in X -direction for different types of
images and windows (ROI-4).

Fig. 14. Root-mean square error in Y -direction for different types of
images and windows (ROI-3).

V. Behar et al. / Ultrasonics 41 (2004) 743–753 751
However, better accuracy can be obtained with a smaller

window, W ¼ 1:5 � ðdX � dY Þ, if a Gaussian filter chain
or an anisotropic diffusion filter are first used for image
filtration. Indeed, on the one hand the very large win-

dow improves the accuracy of estimation. On the other

hand the very large window broadens the main lobe of
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the autocorrelation function causing a loss in the spatial

resolution of the motion estimation and the strain

imaging. Therefore, the optimal window should be

chosen as a minimal window that guarantees the re-

quired accuracy of displacement estimation. That is why
the window W ¼ 1:5 � ðdX � dY Þ is the optimal window
because guarantees the root-mean-square error less than

one pixel without false peaks The linear filtration with an

unsharp masking filter does not improve the accuracy of

the estimation in this region. The numerical results in

Table 3 show, that in the image region ROI-4, root-

mean-square error of less than two pixels and zero false

peaks are obtained for a window W ¼ 4 � ðdX � dY Þ
without filtering. Better accuracy can be achieved with a

smaller window size, W ¼ 3:5 � ðdX � dY Þ if the nonlinear
filtering is used before the calculation of the cross-cor-

relation. The window W ¼ 6 � ðdX � dY Þ guarantees that
the root-mean-square errors are of less than one pixels

and the number of false peaks is zero without filtering.

The same window, however, allows reduction of the er-

rors EX and EY from 0.93 pixels to 0.9 and from 0.83 to
0.69, respectively, if nonlinear filtering is first used.

In image regions with relatively weak reflectors, such

as ROI-2 and ROI-3, the influence of nonlinear filtra-

tion on the accuracy of the displacement estimation is

very weak. As shown in Table 4, nonlinear filtering re-

duces the number of false peaks if the window size is

relatively small ðK < 4Þ. When the window size is large

enough ðK ¼ 5; 6Þ and the number of false peaks is
small, the nonlinear filtration does not improve the ac-

curacy of the estimation. The root-mean-square errors

in the X - and Y -directions are about 0.7 and 0.4 for both
cases (with filtering and without filtering) when the

window of size W ¼ 6 � ðdX � dY Þ is used for the esti-

mation. The same conclusion is drawn from the analysis

of the results obtained for the image region ROI-3

(Table 5). When the window size is large enough
ðK > 3:5Þ the root-mean-square errors in both direc-

tions are slightly improved with nonlinear filtering. If

the window of size W ¼ 6 � ðdX � dY Þ is used for the

cross-correlation estimation, the error in the X -direction
is reduced from 0.57 to 0.49 pixels––for an anisotropic

diffusion filter, and to 0.43 pixels––for a Gaussian filter

chain. The error in the Y -direction is reduced from 0.82

to 0.65 pixels––for an anisotropic diffusion filter, and to
0.62 pixels––for a Gaussian filter chain.
6. Conclusion

It is shown that the performance of two-dimensional

displacement estimation can be improved by prepro-

cessing nonlinear filtration of the B-mode images only for
the case of very strong reflectors. Under these conditions

the required accuracy of the displacement estimation can

be achieved while using smaller sizes of the estimation
windows than without filtering. The smaller size of the

estimation window leads to smaller losses of spatial reso-

lution of the motion estimation. In elastography, that

translates into improvements in resolution of the strain

images. The numerical results show that an adaptive
anisotropic diffusion filter or a nonlinear Gaussian filter

chain can be effectively used for improving the quality of

elastograms in image regions with strong reflectors. The

linear filtration with an unsharp masking filter does not

improve the accuracy of the estimation in these regions.

In image regions with relatively weak reflectors, the

influence of nonlinear filtration on the accuracy of the

displacement estimation is not significant and the im-
provement of the estimation accuracy is relatively small.
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