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Abstract

Purpose Compressed sensing (CS) is the theory of the recovery of signals that are sampled below the Nyquist sampling
rate. We propose a spectral analysis framework for CS data that does not require full reconstruction for extracting frequency
characteristics of signals by an appropriate basis matrix.

Methods The coefficients of a basis matrix already contain the spectral information for CS data, and the proposed framework
directly utilizes them without completely restoring original data. We apply three basis matrices, i.e., DCT, DFT, and DWT,
for sampling and reconstructing processes, subsequently estimating the attenuation coefficients to validate the proposed
method. The estimation accuracy and precision, as well as the execution time, are compared using the reference phantom
method (RPM).

Results The experiment results show the effective extraction of spectral information from CS signals by the proposed frame-
work, and the DCT basis matrix provides the most accurate results while minimizing estimation variances. The execution
time is also reduced compared with that of the traditional approach, which completely reconstructs the original data.
Conclusion The proposed method provides accurate spectral analysis without full reconstruction. Since it effectively utilizes
the data storage and reduces the processing time, it could be applied to small and portable ultrasound systems using the CS

technique.

Keywords Compressed sensing - Ultrasound - Attenuation coefficient - Reference phantom method

Introduction

Quantitative analysis of medical ultrasound signals has been
consistently studied for several decades to obtain the patho-
logical conditions of scanned soft tissues in terms of sound
speed, scatterer density or size, and backscatter coefficients
[1-5]. Among the various ultrasound parameters, the ultra-
sound attenuation property is basically related to the tissue
medical status, and also provides quantitative information
for analysis of other ultrasound parameters. However, since
the time gain compensation (TGC) method accounts for the
attenuation rate of backscattered signals simply according to
the depth, it exhibits some drawbacks such as enhancement
or shadowing effects in regions comprising different attenua-
tion characteristics [3]. Therefore, numerous researches have
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been actively attempting to estimate attenuation coefficients
accurately, and to examine the physical states of the human
organs, including the liver [6], kidney [7], bone [8, 9], and
chest [10].

Estimation algorithms of ultrasound attenuation coeffi-
cients can be classified according to the methods of the fre-
quency domain and the time domain. For the algorithms in
the time domain, Flax et al. showed the potential application
of measurement of the zero-crossing density of backscat-
tered ultrasound signals for estimation of attenuation coef-
ficients [11]. Further, Greenleaf and He employed the local
maximum of the echo signal envelope to estimate attenua-
tion coefficients [12], while Jang et al. proposed a method for
measurement of the entropy differences between two adja-
cent segments of narrowband echo signals [13]. Video sig-
nal analysis (VSA) methods were developed by Knipp et al.
to estimate attenuation coefficients directly from B-mode
images [14]. Regarding the frequency-domain methods, Yao
et al. developed the reference phantom method (RPM) to
effectively compensate for the hardware properties of the
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ultrasound system and the diffraction effects that are due
to the beam focus [15]. Fink et al. developed the centroid
downshift method by using the short-time Fourier analy-
sis techniques for estimation of the spectral shift, which is
related to the attenuation properties [16]. Kim and Varghese
suggested a hybrid method that combines the spectral-dif-
ference and spectral-shift approaches using spectral cross-
correlation and Gaussian filtering [17].

While the estimation performance of medical ultrasound
parameters has been important for quantitative ultrasound
analysis, the acquisition time and storage of the received
ultrasound data have also increasingly received attention
recently. The sampling frequency of modern medical ultra-
sound systems is much higher than the Shannon-Nyquist
sampling rate for both the finer spatial and frequency reso-
lutions. Research on three-dimensional representations of
two-dimensional (2-D) transducer arrays also requires larger
data storage and faster data acquisition with respect to data
scanning [18]. In addition, for portable diagnostic ultrasound
equipment, reduction of the hardware size and cost regarding
data storage and time is one of the important practical issues
in terms of implementation of a real-time system [19].

In terms of reduction of data storage and acquisition time,
the compressed sensing (CS) technique has emerged as an
alternative solution since it can reconstruct the original sig-
nal using fewer data samples, which are acquired at sampling
rates that are lower than the Shannon—-Nyquist sampling
theory under the assumption of the sparsity of the origi-
nal signals. Therefore, the CS technique has been actively
applied in the field of medical ultrasound signal processing
to improve acquisition times and effectively use data storage
space [20-23].

In MRI research fields, the data acquisition time is
dynamically reduced by the CS technique [24]. However,
because medical ultrasound is a real-time diagnostic system,
we focused on reducing hardware size and data storage for
portable diagnostic systems by reducing the sampling rate
with the CS theory.

In cases where compressed sensing signals are processed
for quantitative analysis, however, the reconstruction process
that fully recovers the CS data into the original signals in
the time domain should be first fulfilled before application
of other signal processing techniques.

In the present paper, a spectral analysis framework is pro-
posed for CS ultrasound data; here, the spectral properties are
directly extracted without full transformation of time-domain
signals into those of the frequency domain. Generally, to esti-
mate spectral information from time-domain signals, the sig-
nals need to be transformed from the time domain into the
frequency domain using a transformation technique such as
fast Fourier transform (FFT). The proposed method, however,
directly calculates the frequency information from the CS data
while reconstructing it. Derivation of the CS theory furnishes
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the appropriate basis matrix [25], and provides the spectral
information of the CS data in the reconstruction process. To
validate the proposed framework, attenuation coefficients are
estimated from the CS ultrasound data using the RPM together
with the spectral information that is directly extracted using the
proposed method. Additionally, the estimation performance
of three different basis matrices—discrete Fourier transform
(DFT), discrete cosine transform (DCT), and discrete wavelet
transform (DWT)—is compared to select the proper basis for
the reconstruction process.

The results of simulations and experiments, for which a
uniformly attenuating tissue-mimicking (TM) phantom was
used, show the proper functionality of the proposed spectral
analysis framework with the CS data at a variety of compres-
sion rates. Regarding the reconstruction basis matrix, the DCT
basis matrix exhibits the best estimation results in terms of
accuracy and precision. Since the proposed method does not
completely recover the CS data in the estimation of the attenu-
ation coefficients, the execution time is also faster than with
full reconstruction.

This paper is organized as follows. The next section briefly
summarizes the CS technique and the RPM, as well as pre-
senting the details of the proposed techniques and experimen-
tal procedures. Section "Results" considers the TM phantom
experiment results in a comparison of the estimation perfor-
mance of the three basis matrices (DCT, DFT, and DWT) ata
variety of compression rates of the CS data. The final section
discusses several aspects of the proposed techniques and sum-
marizes the contributions of this paper.

Materials and methods
Compressed sensing technique

According to the Shannon—-Nyquist sampling theory, the sam-
pling rate for the conversion of analog signals to discrete-time
signals must be at least twice as fast as the original signal
maximum frequency to completely recover the discrete-time
signals into the original ones [26, 27]. The CS technique, how-
ever, has proved that undersampled discrete-time signals, for
which the sampling rate is lower than the Shannon-Nyquist
sampling rate, could be almost completely recovered if the
original signals satisfy the two conditions of sparsity and inco-
herence [25]. If the number of non-zero values of the original
signals is K, the signal can be expressed with K-sparse signal
[25].

Regarding the mathematical forms, commencement of the
CS technique may be the signal representation according to
the following equation:

y =Ax, (D
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where the vector y(M X 1) is the measured signal that is com-
pressively sampled from the original signal x(N X 1) with the
measurement matrix A(N X M).

Figure 1ais a simplified schematic of the compressed sens-
ing theory. The measurement matrix A compresses the original
signal x by 50% to obtain the compressed signal y.

A generally accounts for the matrix with the Bernoulli ran-
dom distribution or the Gaussian random distribution. If the
original signal is K-sparse and M satisfies the condition of
M > O(K log (N/K))in A, x may be almost completely recov-
ered from the compressed sensing signaly. Although x is not
sparse in this domain, a specific transformation could make it
a sparse signal in the other domain. Then x in Eq. (1) can be
expressed as follows:

x=B7f, 2
where the matrix B(N X N) is a basis (transformation) matrix
comprising an inverse matrix, and the vector f(N X 1) is the

Fig.1 a Compressed sens-

ing theory and b compressed
sensing theory with DCT basis
matrix

M x1

(b)

coefficient of the specific B. To apply the CS theory, the
basis matrix should be chosen to satisfy the K-sparse condi-
tion for the vectorf.

In this case, Eq. (1) can be rewritten with the matrix T,
as follows:

y=AB™'f=Tf where T=AB™". A3)

In Fig. 1b, although x is not sparse in the time domain, the
DCT basis matrix could make this original signal a sparse
one in the frequency domain.

According to Eq. (3), the vector f is first calculated from
the undersampled y to recover x using Eq. (2). In general,
the number of solutions of Eq. (3) will be infinite since
this problem is underdetermined. If T is satisfied with the
restricted isometry property (RIP) condition, however, as
shown in Eq. (4), it becomes possible to determine the
unique solution using optimization techniques such as lin-
ear programming.

N x 1

[(TTTTTTT T T T] ~

<

N x1

SEEEEEEEENE EE EEE
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(1 _ 52K)|lf||2 <||Tfl|, < (1 _ 52K)|V||2~ 4) Since the term of log B 1S constant, the difference

If T satisfies the above RIP conditions, the solution can be
obtained using /,-minimization. However, /,-minimization is
not practical since it is the nondeterministic polynomial-time
(NP)-hardness problem [28] that must be fully checked for the
K-sparse vector. Alternatively, /,-minimization is the convex
optimization problem [29] in the following Eq. (5), enabling
the solving of the problem according to the linear problem
[30]:

J = argmin|[f]|,
Reference Phantom Method (RPM)

subject to Tf = y. 5)

The RPM is the estimation algorithm for ultrasound attenua-
tion coefficients. It uses the ratio of the power spectra between
the reference phantom, the attenuation properties that are
already known, and the sample in the frequency domain [15].
Since the RPM effectively eliminates the system-dependent
parameters such as the pulse shape and the diffraction effect,
it achieves reliable estimation performance in the uniform-
attenuation regions. The brief mathematical equations are
subsequently presented.

For quantitative analysis of medical ultrasound signals, the
intensity of the reflected signal I/(f, z) can be modeled as the
product of four characteristic terms in the frequency domain,
as follows:

I(f,z) = G(f) - D(f, 2) - A(f, 2) - B(f), (6)
where G(f) is the characteristic of the transmitted pulse func-
tion, D(f, z) is the diffraction effect, A(f, z) is the attenuation
characteristics, and B(f) is the backscatter properties of a
certain depth z. The RPM calculates the ratio of the sample
intensities to those of the reference signals in the frequency
domain to estimate the attenuation and backscatterer coef-
ficients. Since G(f) and D(f, z) are system-dependent proper-
ties, the actual tissue characteristics of the scanned region,
A(f, z) and B(f), can be obtained using the ratio of the refer-
ence signals to the sample signals; at a given echo depth, this
ratio measurement can be represented as follows:

I(f,2)  G(D(f, DA(f, 2)B(f)

RI(f,2) = L(f.2)  G()D(f.2)A(f.2)B,(f) 7
_ B exp {=4(p, — £)fz} | N
B.() C

To separate the attenuation and backscatterer terms, the
logarithm of Eq. (7) is used, as follows:

B(f)
B.(f)

L(f,z) = logRI(f, z) = log +4(p. - B)fz- 8)
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between the attenuation coefficients of the reference and
sample signals, denoted by . — f, can be estimated using
linear regression along z, as shown in the following Eq. (9):

1 dL(f,2)

ﬂA(f)=ﬂr—ﬂs=4f &z ®

Spectral analysis framework for CS signals

Most of the quantitative analyzes of medical ultrasound
are performed in the frequency domain, where extraction
(or estimation) of the spectral properties from the reflected
time-domain signals should be the first step for further pro-
cessing. While FFT provides a sound framework to convert
time-domain signals into frequency-domain signals, it can-
not be directly applied to CS data. That is, while CS signals
are advantageous with respect to the acquisition and storage
processes in terms of time and space, they should be fully
restored into time-domain signals before processing of the
spectral analysis in the frequency domain.

In this paper, the proposed spectral analysis framework
for CS ultrasound signals involves the direct estimation of
spectral properties without restoration of measured signals
into full time-domain signals. Since the basis matrix of the
CS theory is used for conversion of original signals into
spare signals, its coefficients already contain the spectral
information of the original signals if the appropriate basis
matrix is applied. The proposed method calculates the fre-
quency information from the CS data during the reconstruc-
tion process of Eq. (5), so the redundant transformation from
the time domain into the frequency domain is not needed.
To validate the proposed spectral framework for CS signals,
attenuation coefficients are estimated using the RPM with
the spectral information, which is directly extracted during
the restoration of the CS data.

Figure 2 shows the two procedures for attenuation coef-
ficient estimation with the CS ultrasound signals, where the
traditional method and the proposed framework are used.
While the dotted line represents the transforming of the
time-domain signals into those of the frequency domain by
the traditional approach after full reconstruction, the solid
line represents the proposed spectral analysis framework for
which transformation of the CS signals is not implemented.
To compare the estimation performance of the basis matri-
ces, three different basis matrices are applied to the recon-
struction process. The CS ultrasound signal is reconstructed
using the /;-norm minimization algorithm for simplicity.

Experiment procedures

To validate the proposed framework, the attenuation coef-
ficients are estimated from the CS ultrasound data using the
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Reconstruction process y

B l; - norm minimization
f = argmin||f||; subjectto Tf =y

 f
v
Time-domain
Conversion
R=B"f

6 X
Frequency-domain
Conversion
f=F{x}

Pf f
v v

Reference Phantom Method

Estimated
Attenuation Coefficient

Fig. 2 Traditional approach (dotted line) and the proposed framework
(solid line) for spectral analysis with compressed sensing signals

Table 1 Sparsity level of each basis matrix

256 points (%) 512 points (%) 1024
points
(%)
DCT 16 13 14
FT 19 18 15
DWT 22 19 17

RPM together with the spectral information that is directly
extracted using the proposed method. Additionally, the esti-
mation performance of three different basis matrices—DFT,
DCT, and DWT—is compared to select the proper basis for
the reconstruction process. Table 1 shows the sparsity level
of original signal x in the frequency domain through each
basis matrix. If the number of non-zero values of the original
signals is K, the signal is K-sparse signal. Table 1 represents
a percentage of non-zero signals for the entire signal through
each basis matrix when the length of the signal is 256, 512,

and 1024 points. In this table, DCT basis makes the signal
more sparse in our case.

Simulated uniform phantoms

Two uniform numerical phantoms were simulated using
a C++ program for evaluation of the performance of the
proposed method. One was a uniform reference phantom
with an attenuation coefficient of 0.7 dB/cm/MHz through
the overall depth, and the other was a sample phantom with
an attenuation coefficient of 0.5 dB/cm/MHz through the
overall depth. The center frequency of the transmit pulse
was 5 MHz with a bandwidth of 80%, and the beam focus
was set to 4 cm. To estimate the local spectral information,
the whole ultrasound radiofrequency signal was divided into
small blocks with the dimension of 4 X4 mm, and an overlap
ratio of 80% is applied to both the axial and lateral directions
to obtain finer spatial resolution.

The CS signals were obtained using application of the
measurement matrix of the Gaussian random distribution to
the individual A-line data of the original signal, as shown
in Eq. (1). In this paper, the original signals were compres-
sively sensed with different compression rates from 50-90%
to compare the attenuation coefficient estimation perfor-
mance. The length of original signal x was 512 points in the
time domain to the axial direction. The length of compressed
sensing signal y was 256 points, 204 points, 153 points, 102
points, and 51 points, respectively.

The three basis matrices, DCT, DFT, and DWT, were
applied to the CS signals to extract the spectral information.
To determine the unique solution to Eq. (5) during the resto-
ration process, /;-norm minimization, which is based on the
standard interior point method and the convex-optimization
method, was employed.

3-Layered TM phantoms

Two TM phantoms were scanned using the Siemens Antares
ultrasound system (Siemens Medical Systems, USA) for
evaluation of the performance of the proposed method. One
was a uniform reference phantom with an attenuation coef-
ficient of 0.5 dB/cm/MHz through the overall depth, and
the other was a sample phantom, called a three-layer phan-
tom, consisting of different attenuating regions while the
same backscatter properties were maintained. The attenu-
ation coefficients of the sample phantom were 0.5 dB/cm/
MHz (0- 4 cm), 0.7 dB/cm/MHz (4-5.5 cm), and 0.5 dB/cm/
MHz (5.5-7 cm) through the axial depth. Figure 3 shows the
B-mode images of the reference and sample TM phantoms,
respectively.

The experiment was conducted in the same way as in the
previous simulated numerical phantom experiment.
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Depth (cm)
Depth (cm)

Width (cm) Width (cm)

Fig.3 B-mode images of reference and sample TM phantoms: a
uniform reference TM phantom with an attenuation coefficient of
0.5 dB/cm/MHz and b three-layer sample TM phantom with attenu-
ation coefficients of 0.5 dB/cm/MHz (0-4 cm), 0.7 dB/cm/MHz
(4-5.5 cm), and 0.5 dB/cm/MHz (5.5-7 cm)

Results

To verify the proposed spectral analysis framework, atten-
uation coefficients were estimated from CS ultrasound sig-
nals using the RPM with three different basis matrices.
Calculation of the fully restored signals provided the best
attenuation coefficient estimation results for comparison
of the estimation performance of CS data.

Simulated uniform phantoms

Figure 4 shows the estimation results of attenuation coeffi-
cients from CS ultrasound data for the three basis matrices
using uniform numerical phantoms. For comparison pur-
poses, the theoretical values of the attenuation coefficients
of the uniform phantom were plotted in the same graph
with dotted lines. The estimated attenuation coefficients
of the DCT basis matrix exhibited the best results for the
entire depth compared with the other matrices. The esti-
mated values of the DFT and DWT basis matrices were
underestimated along the depth.

Figure 5 shows the estimation performance of the DCT
basis matrix for the compression rates of 50, 70, and 90%.
The 50% compression rate provided reliable estimation
results for the entire depth compared with theoretical
cases. As the compression rate increased, the estimation
accuracy significantly decreased.
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Fig.4 Estimation results of the numerical phantom attenuation coef-
ficients for different compression rates using the DCT basis matrix

3-layer TM phantoms

Figure 6 shows the estimation results of attenuation coef-
ficients from CS ultrasound data for which the three basis
matrices were used. CS ultrasound signals with a compres-
sion rate of 50% were utilized, and the estimated attenuation
coefficients were averaged laterally at the same depth. For
comparison purposes, the theoretical values of the attenua-
tion coefficients of the three-layer TM phantom and the esti-
mated attenuation coefficients with the fully reconstructed
signals, labeled “FULL,” were also plotted in the same
graph. The estimated attenuation coefficients of the DCT
basis matrix exhibited the best results for the entire depth
compared with the other matrices. The estimated values of

50%
0.6 T
........... theoretical
0.58 —&—DCT
—¥—DFT
0.56 —e—DWT

Attenuation coefficient (dB/cm/MHz)

10 20 30 40 50 60 70 80
Depth (mm)

Fig.5 Estimation results of the numerical phantom attenuation coef-
ficients for three basis matrices with a compression rate of 50%
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Fig.6 Estimation results of the 3-layer TM phantom attenuation coef-
ficients for three basis matrices with a compression rate of 50%
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Fig.7 Estimation results of the 3-layer TM phantom attenuation coef-
ficients for different compression rates using the DCT basis matrix

the DFT and DWT basis matrices were overestimated prior
to the beam focus and underestimated after the focus along
the depth. When the same number of CS data points was
used in the reconstruction process, the DCT basis matrix
showed more accurate estimation values since it provided
a more effective spectral resolution compared with DFT.
For the DWT basis matrix, especially after the beam focus,
the estimation accuracy tended to be significantly degraded,
because the DWT transform coefficient might have been
unsuitable for representation of the measured-signal spec-
tral information.

Figure 7 shows the estimation performance of the DCT
basis matrix for the compression rates of 50, 70, and 90%.
The 50% compression rate provided reliable estimation

Table 2 Root mean square error (RMSE) of the estimation results of
the 3-layer TM phantom for three basis matrices

50% 60% 70% 80% 90%
Region A 0.00278 0.00802 0.00839 0.00949 0.01162
(2.5-4 cm)
DCT
DFT 0.01030 0.01528 0.02257 0.03217 0.03954
DWT 0.04038 0.04432 0.04906 0.05879 0.07237
Region B
(4-5.5 cm)
DCT 0.00801 0.00952 0.01031 0.01219 0.01464
DFT 0.01625 0.02304 0.02774 0.03472 0.04185
DWT 0.04815 0.05181 0.05633 0.05783 0.06981

Table 3 Standard deviations of the estimation results of the 3-layer
TM phantom for three basis matrices

50% 60% 70% 80% 90%
DCT 0.02325 0.02380 0.02603 0.02916 0.07549
DFT 0.02600 0.02687 0.02779 0.03019 0.07916
DWT 0.02548 0.02704 0.02978 0.03617 0.07617

results for the entire depth compared with those of FULL.
As the compression rate increased, the estimation accuracy
significantly decreased.

To compare the estimation performance quantitatively,
two regions were selected before/after the beam focus for
which the attenuation coefficients were different. One of
the regions, called “Region A,” was between the depths of
2.5 cm and 4 cm, and the other region, “Region B,” was
between the depths of 4 cm and 5.5 cm, while the attenua-
tion coefficients of each were 0.5 dB/cm/MHz and 0.7 dB/
cm/MHz, respectively. The third layer (5.5-7 cm) was far
from the transducer and after the beam focus, so it was not
included in the quantitative comparison due to its relatively
lower signal-to-noise ratio (SNR).

Table 2 shows the root mean square error (RMSE) of
the estimated attenuation coefficients for the various com-
pression rates of each region. In Region A, the DCT basis
matrix showed the lowest RMSE for all the compression
rates. Although the estimation errors also increased as the
compression rates increased, it produced relatively small
errors of approximately 0.002—0.01. As shown in Fig. 3, for
the DFT and DWT basis matrices, the RMSE was larger
compared with that for DCT, and a greater estimation error
became evident as the compression rates increased. Notably,
the same tendency was exhibited for Region B.

Table 3 shows the average standard deviations of the
estimation results according to the different compression
rates, thereby providing the guideline for the selection of
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Table4 Comparison of the relative computational times with the
DCT basis matrix

50% 60% 70% 80% 90%

Proposed frame- 1.37378 1.30402 1.19097 1.12242 1.00000

work

Traditional 2.08742 2.00838 1.85330 1.72084 1.63578

approach

the acceptable compression rate when the CS technique
is applied to medical ultrasound spectral analysis. For the
overall estimation performance, as shown in Fig. 4, the
DCT basis matrix produced the least errors for all the com-
pression rates; however, at the 90% compression rate, the
standard deviation rapidly increased. Although the RMSE
results were reasonable at this compression rate, the standard
deviation was not acceptable with respect to the estimation
precision. Because both the precision and the accuracy are
important in medical ultrasound quantitative analysis, the
appropriate compression rate should account for the tradeoff
between the data size and the estimation performance.

Table 4 shows the relative computational times of the
traditional approach (full reconstruction for CS data) and the
proposed spectral analysis framework with the DCT basis
matrix. The computer simulations were performed using the
Matlab program (version 9.2) on an Intel i5-2500 (3.3 GHz)
system. Note that the computational time was normalized by
the shortest one, i.e., the time of the proposed method with
the compression rate of 90%. Since the transformation pro-
cess (e.g., FFT) was omitted, the proposed framework was
faster than the traditional approach. As for data storage, the
proposed framework was more efficient than the traditional
approach since it was not necessary to accommodate the
fully restored signal.

Discussion

This paper presents a proposal for a spectral analysis frame-
work for CS ultrasound signals that directly extracts the
frequency properties without restoring the measured sig-
nals into the full time-domain signals. While most spectral
analysis techniques first transform the time-domain signals
into frequency-domain signals using the FFT method, the
proposed CS signal framework directly uses the spectral
information in the recovery process by the proper basis
matrix before completely recovering the full signals in the
time domain.

Comparative analysis of the respective attenuation coeffi-
cient estimations, for which the DCT, DFT, and DWT matri-
ces were used as the basis matrices of the CS technique,
showed the superiority of the estimation performance of the
DCT basis matrix in terms of accuracy and precision. While
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a lower compression rate provided more accurate estimation
results, acceptable estimation performance was obtained up
to the compression rate of 80% in the authors’ experiment.
The execution time of the proposed framework for ultra-
sound quantitative analysis was also reduced since it did not
completely restore the time-domain signals. The proposed
framework can be effectively applied to CS data for small
and portable ultrasound systems and applications.

Conclusion

Spectral analysis of medical ultrasound has been actively
studied to provide quantitative information on various under-
examination ultrasound parameters, and also to suggest a
basis for a more precise judgment of pathological states. In
particular, the attenuation coefficient of medical ultrasound
signals is one of the most important quantitative information
that precedes the accurate estimation of other ultrasound
indices.

In this paper, a spectral analysis framework was proposed
for CS ultrasound data. The spectral properties were directly
extracted without full transformation of the time-domain sig-
nals into those of the frequency domain.

In conclusion, the proposed spectral analysis framework
can be effectively applied to CS data for small and portable
ultrasound systems and applications.
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