4

75 . Open Journal of Radiology, 2023, 13, 101-112

‘ 4 Scientific https://www.scirp.org/journal/ojrad
0 ’ Research

9% Publishing ISSN Online: 2164-3032

@,

ISSN Print: 2164-3024

Image-Based Ultrasound Speed Estimation:
Phantom and Human Liver Studies

Jianfeng Chen®, Junguo Bian, Zuhaib Khokhar, Mohamed Belal, Emad Allam

Department of Radiology and Medical Imaging, Stritch School of Medicine, Loyola University Medical Center, Chicago, Illinois,

USA
Email: *jfchen@live.com

How to cite this paper: Chen, J.F., Bian,
]J.G., Khokhar, Z., Belal, M. and Allam, E.
(2023) Image-Based Ultrasound Speed Esti-
mation: Phantom and Human Liver Studies.
Open Journal of Radiology, 13, 101-112.
https://doi.org/10.4236/0jrad.2023.132011

Received: May 16, 2023
Accepted: June 27, 2023
Published: June 30, 2023

Copyright © 2023 by author(s) and
Scientific Research Publishing Inc.

This work is licensed under the Creative
Commons Attribution International
License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

[ONom

Abstract

Purpose: A novel image-based method for speed of sound (SoS) estimation is
proposed and experimentally validated on a tissue-mimicking ultrasound
phantom and normal human liver in vivo using linear and curved array
transducers. Methods: When the beamforming SoS settings are adjusted to
match the real tissue’s SoS, the ultrasound image at regions of interest will be
in focus and the image quality will be optimal. Based on this principle, both a
tissue-mimicking ultrasound phantom and normal human liver in vivo were
used in this study. Ultrasound image was acquired using different SoS settings
in beamforming channels ranging from 1420 m/sec to 1600 m/sec. Two re-
gions of interest (ROIs) were selected. One was in a fully developed speckle
region, while the other contained specular reflectors. We evaluated the image
quality of these two ROIs in images acquired at different SoS settings in
beamforming channels by using the normalized autocorrelation function
(ACEF) of the image data. The values of the normalized ACF at a specific lag as
a function of the SoS setting were computed. Subsequently, the soft tissue’s
SoS was determined from the SoS setting at the minimum value of the nor-
malized ACF. Results: The value of the ACF as a function of the SoS setting
can be computed for phantom and human liver images. SoS in soft tissue can
be determined from the SoS setting at the minimum value of the normalized
ACF. The estimation results show that the SoS of the tissue-mimicking phan-
tom is 1460 m/sec, which is consistent with the phantom manufacturer’s spe-
cification, and the SoS of the normal human liver is 1540 m/sec, which is
within the range of the SoS in a healthy human liver in vivo. Conclusion: Soft
tissue’s SoS can be determined by analyzing the normalized ACF of ultra-
sound images. The method is based on searching for a minimum of the nor-
malized ACF of ultrasound image data with a specific lag among different SoS
settings in beamforming channels.
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1. Introduction

Clinical ultrasound imaging systems usually assume that the speed of sound
(SoS) in soft-tissues is constant, mostly 1540 m/s, so that the sound waves in the
soft-tissue can be focused by simply delaying and summing according to known
geometric distances and the SoS in the tissue. Ideally, if the SoS set in beam-
forming channels matches the true SoS in the tissue, both the transmitted and
received signals should be well aligned after applying the time delays. However,
the difference between the SoS in the tissue and in the beamforming channels
will cause ultrasound signal misalignment of the beamforming channels and
thereby degrade both the spatial resolution and the sensitivity of ultrasound im-
ages. Moreover, if there is some in homogeneity of SoS in the soft-tissues, high-
er-order phase aberrations can further lead to signal misalignment after geome-
tric delays are applied and lead to further degradation of the ultrasound image
quality [1] [2] [3] [4].

A concept to estimate the SoS in soft tissue by using ultrasound was proposed
by Chen et al. [5]. When soft tissue was scanned by an ultrasound imaging sys-
tem, a series of ultrasound images were created by using different SoS settings in
beamforming channels. Then, an image quality function that is indicative of
image quality at a specific region of interest (ROI) was computed. That function
could exhibit a minimum or maximum value when the SoS setting in beam-
forming channels equals a true SoS in the tissue. A method to select the SoS au-
tomatically in order to improve lateral resolution in the resulting image was de-
veloped by Napolitano et al [4] [6] [7]. This is done by analyzing the spatial
frequency data of images reconstructed with various sound speeds. The main li-
mitation of the method is that the image must contain an isolated feature. This
concept was then applied to photo acoustic tomography of soft tissues [8] in or-
der to obtain an average SoS that can maximize the image sharpness. This me-
thod eliminates the need of a priori knowledge, such as the geometry of a cali-
bration block or a reference image for comparison.

In this paper we propose a method based on the normalized autocorrelation
function (ACF) of image data for averaged SoS estimation. The method works
well under weaker constraints, Ze, no assumption of isolated image features,
whether for speckle, the appearance of texture due to ultrasound scattering from
a set of diffuse small scattering structures within a specific tissue, or the specular
reflector with structure scale larger than the ultrasound wavelength. This study is
organized as follows: In Section 2, a method based on the normalized ACF of

image data for averaged SoS is presented; in Section 3, the experiments set up for
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both a tissue mimicking phantom and healthy liver images in vivo are described;
in Section 4, the test results are discussed and summarized. Section 5 presents
the final conclusions.

2. Method

In our study, an ultrasound tissue mimicking phantom (Multipurpose Phantom
Model 539, ATS Laboratories Incorporated, Bridgeport, CT) and a normal hu-
man liver were used in this study. A GE LOGIQ E9 scanner with a ML6-15 li-
near array transducer at 10 MHz and C1-6 curved array transducer at 3.5 MHz
were used. As shown in Figure 1, a series of ultrasound images were generated
by using different SoS settings in beamforming channels. The SoS settings were
ranged from 1420 m/sec to 1620 m/sec. In our phantom study, two ROIs were
selected among those ultrasound images, as shown in Figure 2. One was located
in a fully developed speckle area with an image size of 150 x 50 pixels, while
other contained a specular reflector with the same size of 150 x 50 pixels using

the ML6-15 linear array. In our human liver study, two ROIs with the same size
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Figure 1. Block diagram of the image-based SoS estimation method.
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Figure 2. Two ROIs were selected on a typical ultrasound phantom image. One region
contains fully developed speckle, while the other region contains a specular reflector.

of 200 x 50 pixels (ML6-15 linear transducer) and 100 x 100 pixels (C1-6 curved
array transducer) were selected respectively, one was within a fully-developed
speckle area, while the other contained some specular structures as shown in
Figure 3 and Figure 4. Image pixel size was 0.089 mm for the ML6-15 linear ar-
ray and 0.25 mm for the C1-6 curved array transducer.

Subsequently, we can evaluate the image quality by using a normalized ACF of
image data over these ROIs. Here the normalized ACF is defined by

_ ZZZL[(’(’%J/)‘U)) *(I(xi + Ax’yj)_<1>):|
ZZIZHI(%M)—U)T

ACF(Ax)

where

1 (xl., y].) is the ultrasound image signal intensity at location (xi, v ].) ,

x 1isin the lateral direction and y is in the depth direction,

M x N is the total number of data pairs [ (xi, yj) and [ (x,.+Ax, yj) in
aROl,

Ax is the lag distance between two positions (xi, yj) and (xi + Ax, y}.) in
the lateral direction, which is perpendicular to the depth direction ofultrasound
image, and

<I > is the mean of image intensity within ROI and is given by

_ Zj‘zlzyﬂl(xi’yf) )

<1> MxN

The shape of a typical normalized ACF for ultrasound image data is approx-
imately Gaussian, as shown in Figure 5(a). The steepest slope of the normalized
ACEF, corresponding to a second derivative of zero, will be the most sensitive
point where a change in lag will result in the largest change in ACF, as shown in
Figure 5(b). If the shape of the normalized ACF is given by y = then
based on y" =0, we have the most sensitive lag, Ax, which satisfies the fol-

lowing equation:
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(b)

Figure 3. Two ROIs were selected on a typical ultrasound human liver image with a
ML6-15 linear array transducer. One region contains a fully developed speckle, as shown
in (a), while the other region contains some specular structures, as shown in (b).

uUmMcC RESEARCH, US 1 Mi1.2 Tis 0.8 C1-6
8/16/22 11:31:39AM LG 081622-110942AM Abdomen

Figure 4. Two ROIs were selected on a typical ultrasound human liver image with a C1-6
curved array transducer. One region contains a fully developed speckle, while the other
region contains some specular structures.
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The steepest slope of the normalized ACF, corresponding to a second derivative
of zero, is the most sensitive point where a change in lag will produce the largest
change in ACF.
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Figure 5. The shape of a typical normalized ACF of ultrasound image data is approx-
imately a Gaussian function as shown in (a). The steepest slope of the normalized ACF,
corresponding to a second derivative of zero, is the most sensitive point where a change
in lag will produce the largest change in ACF, as shown in (b).

1-2a(Ax)" =0

The value of normalized ACF for the most sensitive lag is given by
y=¢"2=0.6065 . Here ais the ACF parameter, which not only depends on the
spatial resolution of ultrasound image system, but also depends on the ultra-
sound scattering structure, such as speckle or specular structures. In our study,
the most sensitive lag of the normalized ACF were typically in the range of 0.5
mm to 1.0 mm for the images acquired with a ML6-15 transducer, and in the

range of 0.5 mm to 2.0 mm for the images acquired with a C1-6 transducer.

3. Results

In our phantom study, the phantom images were acquired using a GE LOGIQ
E9 scanner with a ML6-15 linear array transducer. The values of normalized
ACF with different lays as well as different SoS settings were computed. When
the ROI was in a well-developed speckle region as shown in Figure 2, a lag of
0.534 mm was chosen in order to obtain a minimum value of the normalized
ACEF reaching just below 0.6065 for at least one particular SoS setting. The values
of normalized ACF for a lag of 0.534 mm changed with different SoS settings as
shown in Figure 6(a). Similarly, when the ROI contained a specular reflector re-
gion, also as shown in Figure 2, a lag of 0.75 mm was chosen in order to obtain a

minimum value of the normalized ACF reaching just below 0.6065 for at least
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Figure 6. In our phantom experiment, the normalized ACF with a lag of 0.534 mm as a
function of SoS setting for a fully developed speckle is given in (a), while the normalized
ACF with a lag of 0.75 mm as a function of SoS setting for a region containing a specular
reflector is given in (b).

one particular SoS setting. The results of normalized ACF values with a lag of
0.75 mm in that region varied with different SoS settings are shown in Figure
6(b). Both results show that the minimum value of the normalized ACF is lo-
cated at SoS = 1460 m/sec, which is very close to the SoS specification of 1450
m/sec provided by the phantom manufacturer. The results demonstrate that
both speckle and specular regions can be used to assess SoS in soft tissue. The
values of the normalized ACF changed with SoS settings from 1450 m/sec to
1580 m/sec are given in Table 1. The results show that the normalized ACF of
images containing specular structures, such as the point target here, may be
more sensitive to the SoS setting and may provide better SoS estimation results
than the ACF of images containing only speckle structures.

In the next step, the ultrasound images of normal human livers were acquired

DOI: 10.4236/0jrad.2023.132011

107 Open Journal of Radiology


https://doi.org/10.4236/ojrad.2023.132011

J.F.Chenetal.

Table 1. The values of the normalized ACF changed with SoS settings from 1450 m/sec to
1580 m/sec in the ROI containing the fully developed speckle and the specular structures.

SoS settings (m/sec) 1420 1460 1500 1540 1560 1580

Value of Normalized
ACF from speckle 0.6383 0.5839 0.6058 0.6467 0.6537 0.6688
region

Value of Normalized
ACEF from specular 0.6992  0.6075 0.639 0.7294 0.746 0.7768
structure region

using the same ultrasound scanner with a ML6-15 transducer. The ROIs con-
taining the speckle area as well as some specular structures in the liver image
were selected as shown in Figure 3. The values of normalized ACF of image data
with different lags and different SoS settings were computed. For these images
acquired with the ML6-15 transducer, a lag of 0.534 mm was selected in order to
get the minimum values of the normalized ACF calculated from a speckle image
area reached just below 0.6065, and a lag of 1.10 mm was selected in order to get
the minimum values of the normalized ACF calculated from a specular image
area reach just below 0.6065. Figure 7(a) is the result of the normalized ACF
values with a lag of 0.534 mm at different SoS settings, while Figure 7(b) is the
result of the normalized ACF values with a lag of 1.1 mm at different SoS set-
tings. Both results show that the minimum value of the normalized ACF with
the lags of 0.534 mm and 1.10 mm were located at SoS = 1540 m/sec, which is
close to the SoS of normal human liver in vivo.

Finally, ultrasound images of normal human livers were acquired using the
same ultrasound scanner with a C1-6 curved array transducer. As shown in Fig-
ure 4, the selected ROIs contain speckles as well as some specular structures in
the liver images. The values of normalized ACF of image data with different lags
and different SoS settings were computed. For these images acquired with a C1-6
curved array transducer, a lag of 1.5 mm was chosen to obtain the minimum
value of normalized ACF computed from the speckle image area, which was just
below 0.6065, and a lag of 3.0 mm was chosen to get the minimum value of the
normalized ACF computed from the specular image area, which was just below
0.6065. Figure 8(a) is the result of normalized ACF values with a lag of 1.5 mm
at different SoS settings, while Figure 8(b) is the result of normalized ACF val-
ues with a lag of 1.1 mm at different SoS settings. Both results show that the
minimum values of the normalized ACF with lags of 1.5 mm and 3.0 mm are
also located at SoS = 1540 m/sec, which is consistent with the results using linear

array transducers and close to the SoS of normal human liver in vivo.

4. Summary and Discussion

In this paper, a novel image-based method is presented to determine the SoS of

soft tissues. The method is based on searching for a minimum of the normalized

DOI: 10.4236/0jrad.2023.132011

108 Open Journal of Radiology


https://doi.org/10.4236/ojrad.2023.132011

J.F.Chenetal.

Normalized ACF (0.534 mm)

Normalized ACF (1.07 mm)

0.80

0.75 ¢ @

0.70

0.65

0.60

0.55

0.50
1390

1440

1490

1540

Speed of Sound (m/sec)

(a)

1590

0.8

0.75

@

0.7

0.65

0.6

0.55

1390

1440

1490

1540

Speed of Sound (m/sec)

(b)

1590

Figure 7. In our clinical study with a ML6-15 linear array transducer, the normalized
ACF with a lag of 0.534 mm as a function of SoS setting for a fully developed speckle is
given in (a), while the normalized ACF with a lag of 1.10 mm as a function of SoS setting
for a region containing a specular reflector is given in (b).
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Figure 8. In our clinical study with a C6-1 curved array transducer, the normalized ACF
with a lag of 1.5 mm as a function of SoS setting for a fully developed speckle is given in
(a), while the normalized ACF with a lag of 3.0 mm as a function of SoS setting for a re-
gion containing a specular reflector is given in (b).

ACEF of ultrasound image data with a specific lag among different SoS settings in
beamforming channels. The proposed method was validated by imaging a tissue
mimicking phantom and normal human liver tissue 7in vivo using a 10 MHz li-
near array transducer and a 3.5 MHz curved array transducer. If a similar time
delay formula can be established for specific transducers, the principle of the
method can be generalized to other types of transducers. Our experimental re-
sults also show that the lateral resolution of ultrasound images can be noticeably
improved if the SoS setting in beamforming channels is close to the real SoS in soft
tissues. This means that the minimized ACF value corresponds to maximized im-
age sharpness.

Our method is based on the relative change in normalized ACF of ultrasound
image data within a specific ROI and does not require any prior knowledge or
assumptions about the ultrasound image, so it is more robust than other me-
thods using RF data processing, which often require adding assumptions such as
a reflector or a reference image to find the appropriate time delay.

In real clinical cases, a series of ultrasound images with different SoS settings
in beamforming channels should be acquired in a short period of time to avoid
changes in the imaging area due to transducer motion and patient motion (e.g.
breathing motion). A better approach is to acquire just one set of RF data and
then process the same set of RF data in beamforming with different SoS settings
to create a series of images. Based on these series of images, our method can then
be applied to determine SoS in soft tissues.

Our current study assumes that the effective SoS in soft tissues is uniform, but
in reality, the SoS may vary at different locations, such as the body walls with

multiple layers of fat and muscle, which may bias the estimation of SoS in the

DOI: 10.4236/0jrad.2023.132011

110 Open Journal of Radiology


https://doi.org/10.4236/ojrad.2023.132011

J.F.Chenetal.

liver. A method including correction for fat/muscle layer effects has been studied
and discussed [9]. The thickness of the fat and muscle layers can be measured by
doctors using routine ultrasound. The average SoS used in the calculations could
be 1450 m/sec in fat and 1575 m/sec in muscle [10]. Then, in a multi-layer me-

dium, the SoS of different layers is given by
d

total

SoS

total

d d d

muscle fat liver
+—

SoS SoS SoS

muscle fat liver

where
d,. isthe depth of ROI, which is used to calculate the normalized ACF,
d,, isthe thickness of the fat layer,

SoS,, is the SoS in the fat,
@ s 18 the thickness of the muscle layer, and
S80S, 18 the SoS in the muscle.
If dyp =y —d 4~ > and 508, is the SoS in the liver, we can de-
termine
d,
SOSliver = e
drotal _ dﬁ” _ dliver
SoS, SoS Sos,

total liver

fat

In routine clinical examinations, the situation may be more complicated, such
as the SoS may not be uniform in soft tissues, strong phase aberration and
other image artifacts can degrade the image quality and consequently bias
measurement results. The movement of body tissues, which may vary the ROI
used to compute the normalized ACF, can produce additional measurement er-

rors.

5. Conclusion

In this paper, a novel image-based method to determine SoS of soft tissue is
proposed and validated on both a tissue mimicking phantom and human liver
tissue in vivo using both linear and curved array transducers. The method is
based on searching for a minimum of the normalized ACF of ultrasound im-
age data with a specific lag among different SoS settings in beamforming

channels.
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