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Ultrasonic Data Compression via Parameter
Estimation

Guilherme Cardoso and Jafar Saniie, Senior Member, IEEE

Abstract—Ultrasonic imaging in medical and industrial
applications often requires a large amount of data collec-
tion. Consequently, it is desirable to use data compression
techniques to reduce data and to facilitate the analysis and
remote access of ultrasonic information. The precise data
representation is paramount to the accurate analysis of the
shape, size, and orientation of ultrasonic reflectors, as well
as to the determination of the properties of the propagation
path. In this study, a successive parameter estimation algo-
rithm based on a modified version of the continuous wavelet
transform (CWT) to compress and denoise ultrasonic sig-
nals is presented. It has been shown analytically that the
CWT (i.e., time� frequency representation) yields an exact
solution for the time-of-arrival and a biased solution for the
center frequency. Consequently, a modified CWT (MCWT)
based on the Gabor-Helstrom transform is introduced as a
means to exactly estimate both time-of-arrival and center
frequency of ultrasonic echoes. Furthermore, the MCWT
also has been used to generate a phase � bandwidth repre-
sentation of the ultrasonic echo. This representation allows
the exact estimation of the phase and the bandwidth. The
performance of this algorithm for data compression and sig-
nal analysis is studied using simulated and experimental ul-
trasonic signals. The successive parameter estimation algo-
rithm achieves a data compression ratio of (1–5N�J), where
J is the number of samples and N is the number of echoes
in the signal. For a signal with 10 echoes and 2048 samples,
a compression ratio of 96% is achieved with a signal-to-noise
ratio (SNR) improvement above 20 dB. Furthermore, this
algorithm performs robustly, yields accurate echo estima-
tion, and results in SNR enhancements ranging from 10 to
60 dB for composite signals having SNR as low as �10 dB.

I. Introduction

Signal modeling and parameter estimation for detect-
ing and estimating multiple interfering echoes has been

the subject of study in the field of ultrasonic imaging over
the past two decades. In particular, Saniie [1] and Saniie
et al. [2], [3] have dealt with the ultrasonic signal analy-
sis and modeling for nondestructive evaluation (NDE) ap-
plications when targets are reverberant and/or randomly
distributed. In medical imaging, a large number of papers
have dealt with modeling of ultrasonic signals and obtain-
ing parameters for mean scatterer spacing and tissue char-
acterization (e.g., [4]–[12]). Modeling of superimposed sig-
nals and parameter estimation also have been studied by
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Feder and Weinstein [13]. More recently, the modeling and
estimation of the ultrasonic signal parameters using the
maximum likelihood estimation and the expectation max-
imization algorithm have been introduced by Demirli and
Saniie [14], [15].

In this study, we present a successive parameter estima-
tion algorithm that relies on the assumption that any ul-
trasonic signal, no matter how complex it is, can be decom-
posed into the superposition of multiple, single Gaussian
echoes. The goal is to efficiently estimate the parameters
of the individual echoes. Most importantly, with ultrasonic
signal parameters, we can establish the analytical relation-
ship between the signal model and the physical parameters
of materials.

The continuous wavelet transform (CWT) is an effec-
tive method to display the time × frequency (TF) infor-
mation of signals, and it has been used for flaw detection
in ultrasonic applications [16] and [17]. In particular, the
Morlet wavelet [18] is used to successively estimate the
echo parameters (amplitude, bandwidth, phase, time-of-
arrival, and center frequency). In this paper, it is shown
analytically that the CWT (i.e., time × frequency repre-
sentation) yields an exact solution for the time-of-arrival
and a biased estimation of the center frequency. Conse-
quently, a modified CWT (MCWT), based on the Gabor-
Helstrom transform, is introduced as a means to exactly
estimate both time-of-arrival and center frequency of ultra-
sonic echoes. The parameter estimation method presented
in this paper uses the MCWT to perform the correlation
of a mother wavelet with the ultrasonic signal [19] and
[20]. Because this is a successive approach, the parame-
ter estimation algorithm keeps searching until the estima-
tion satisfies the error criteria. The error criteria can be
generated based on the maximum number of echoes, the
minimum echo energy, and/or the position of echoes. The
parameters of the ultrasonic echo have different physical
significance. Furthermore, the error in the estimation of
each of the parameters affects the overall estimation accu-
racy differently. Thus, we have analyzed the sensitivity of
the reconstruction error to the disparity of the estimated
parameters.

The successive parameter estimation algorithm pre-
sented in this paper has several advantages over discrete
time lossy compression techniques such as JPEG [21] and
SPIHT [22]. Most data compression algorithms offer a
compromise between compression ratio and signal fidelity
[23]–[25]. Furthermore, discrete time techniques are not
suitable for the estimation of the ultrasonic signal param-
eters (i.e., bandwidth, amplitude, center frequency, phase,
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and time-of-arrival). Therefore, in both medical and in-
dustrial imaging applications, a well-defined modeling of
the ultrasonic echoes leading to the accurate parameter
estimation is highly desirable for target detection, decon-
volution, object classification, velocity measurement, and
ranging system.

II. Successive Parameter Estimation Algorithm

The ultrasonic signal can be represented as a super-
position of Gaussian echoes [14]. In pulse-echo ultrasonic
testing, the backscattered echo from a single reflector can
be modeled as:

fΘ(t) = β exp
[
−α(t − τ)2

]
cos (2πfc(t − τ) + φ) ,

(1)

where Θ = [α, β, fc, φ, τ ] denotes the parameter vector.
The parameters of this model are closely related to the
physical properties of the ultrasonic signal propagating
through the material. The time-of-arrival, τ , is related to
the distance between the transducer and the reflector. The
amplitude, β, is a function of the attenuation of the origi-
nal signal and the size of the reflector relative to the beam
field. The amplitude of the reflected signal also depends
on the size of the reflector or scatterer compared with the
wavelength. The parameters fc and α are the center fre-
quency and bandwidth factor, respectively. These parame-
ters are governed by the transducer frequency characteris-
tics and the propagation path. The phase of the signal, φ,
accounts for the distance, impedance, size, and orientation
of the reflector [26].

The first step in building the parameter estimation al-
gorithm is to identify the behavior of the signal parameters
and the influence they have in the reconstruction error of
the signal. Thus we examined the reconstruction error as
each of the parameters is altered. This simulates the sit-
uation in which all the parameters, with the exception of
one, are correctly estimated. The reconstruction error, Er,
is calculated as:

Er =
∥∥fΘ(t) − fΘ̂(r)

∥∥ , (2)

where Θ̂ is the vector of estimated parameters. Fig. 1 shows
how Er behaves as each of the estimated parameters devi-
ates from −10% to 10% of its actual value. Fig. 1 reveals
that the reconstruction error is more sensitive to time-of-
arrival, τ , compared to other parameters. Hence, τ is the
most critical parameter to be estimated, followed by fc, β,
φ, and α (i.e., successive parameter estimation algorithm).

The successive parameter estimation algorithm is a
recursive method that starts with a TF representation
(MCWT) of the input signal. The successive estimation
is achieved by applying a window to the TF representa-
tion in order to separate interfering echoes. The window
process removes part of the echo’s energy that overlaps
with neighboring echoes; therefore, it creates an incom-
plete echo. These windows are centered on each MCWT

Fig. 1. Effect of uncertainty of the values of parameters on recon-
struction error, Er .

peak, and their size is determined by the proximity of the
nearby echoes. Therefore, the parameter estimation algo-
rithm relies on the detection of the ultrasonic echoes in
the TF representation of the ultrasonic signal. The peaks
of the TF representation provide information about the
time-of-arrival and frequency of the multiple echoes em-
bedded in the ultrasonic signal. Upon detection of a peak,
an automatic windowing procedure is used to separate ad-
jacent and interfering echoes. The window design strategy
used to separate the ultrasonic echoes depends on the noise
embedded on the signal. When the signal-to-noise ratio
(SNR) is high, the window procedure separates neighbor
echoes using their respective projections in the time and
frequency domains. If the SNR is low, it is desirable to
constrain the window to a smaller region around the TF
representation peak that represents the best SNR of the
echo. The window must be small to minimize the intro-
duction of noise in the estimation, but it must be large
enough to contain sufficient information about the echo.

A. Echo Parameter Estimation Algorithms

The CWT of fΘ(t) with respect to a wavelet kernel ψ(t)
is defined as [27]:

CWT (a, b) =

∞∫
t=−∞

fΘ(t)ψ∗
a,b(t)dt. (3)

The variable b represents time shifts in the wavelet ker-
nel, and a is a positive variable and is referred to as the
scale of the dilation. The CWT maps fΘ(t) into a two-
dimensional TF representation. The inverse CWT is de-
fined as:

fΘ(t) =
1
c

∞∫
a=−∞

∞∫
b=−∞

1
a2 CWT (a, b)ψa,b(t)dbda,

(4)

Authorized licensed use limited to: Illinois Institute of Technology. Downloaded on October 02,2020 at 05:32:34 UTC from IEEE Xplore.  Restrictions apply. 



cardoso and saniie: analysis of signal modeling and parameter estimation techniques 315

where c is a scaling constant that satisfies the wavelet’s
admissibility condition [27] and:

ψa,b(t) =
1√
a
ψ

(
t − b

a

)
. (5)

The distance between fΘ(t) and ψa,b(t) is the norm of
the difference of the two signals:

‖fΘ(t) − ψa,b(t)‖2 =

‖fΘ(t)‖2 + ‖ψa,b(t)‖2 − 2 Re[CWT (a, b)].
(6)

Minimizing ‖fΘ(t) − ψa,b(t)‖2 in terms of variables a
and b will provide the best similarity between fΘ(t)
and ψa,b(t). The quantities ‖fΘ(t)‖2 and ‖ψa,b(t)‖2 on
the right-hand side of (6) are positive constants that
are independent of a and b. Hence, the minimiza-
tion of ‖fΘ(t) − ψa,b(t)‖2 implies the maximization of
Re[CWT (a, b)]. Furthermore, ‖fΘ(t) + ψa,b(t)‖2 also mea-
sures the similarity between the echo, fΘ(t), and the
wavelet, −ψa,b(t). This similarity implies that the mini-
mum of Re[CWT (a, b)] also represents the closeness be-
tween the ultrasonic echo and the wavelet. Therefore,
the maximum of the absolute value of Re[CWT (a, b)],
abs {Re[CWT (a, b)]}, in terms of variables a and b repre-
sents the point of best similarity between the signal fΘ(t)
and the wavelet kernel ψa,b(t) or −ψa,b(t).

The Morlet [20] is the wavelet kernel of choice due to its
similarity to the echoes, and that brings many advantages
in the decomposition of ultrasonic signals [16], [17], and
[28]. The Morlet wavelet is defined as:

ψa,b(t) =
1√
a

exp

[
−γ0

(
t − b

a

)2

+ iω0

(
t − b

a

)]
,
(7)

where the variable a tracks the frequency and the vari-
able b tracks the time-of-arrival of the echo, ω0 and γ0
are the center frequency and bandwidth factor of the
Morlet wavelet kernel, respectively. The term 1√

a
en-

sures that the energy of the wavelet kernel is the same
for all a and b. The Morlet wavelet kernel is a com-
plex function and it is one sided in the frequency do-
main. Hence, the CWT of the ultrasonic echo shown in
(1) is equivalent to the CWT of the ultrasonic echo repre-
sented as β exp

[
−α(t − τ)2 + i (2πfc(t − τ) + φ)

]
. Then,

the CWT (a, b) of a single ultrasonic echo becomes:

CWT (a, b) =
β√
a

∞∫
t=−∞

exp

[
− t2

(
α +

γ0

a2

)

− t

(
−2ατ − iωc +

2bγ0

a2 +
iω0

a

)

−
(

ατ2 + iωcτ − iφ +
γ0b

2

a2 − ibω0

a

)]
dt,

(8)

where ωc = 2πfc. The solution to (8) is simplified to
(9) (see next page). The magnitude of the CWT (a, b) is

given by:

|CWT (a, b)| =

β

√
aπ

αa2 + γ0
exp

[
−

(
ωc − ω0

a

)2 − 4γ0α
a2 (b − τ)2

4
(
α + γ0

a2

)
]

.(10)

The maximum of |CWT (a, b)| in terms of a and b is
the same as the maximum of abs{Re[CWT (a, b)]}, because
abs{Re[CWT (a, b)]} can be represented as:

abs{Re[CWT (a, b)]} = |CWT (a, b)|abs{cos(g(Θ))},
(11)

where g(Θ) is a function of the echo parameters. The term
|CWT (a, b)| in the right-hand side of the above equation
does not depend on the phase of the echo, φ. The co-
sine term, on the contrary, depends on φ. Hence, this ex-
tra degree of freedom can be used to set the cosine term
to unity, which yields that the maximum of |CWT (a, b)|
in terms of a and b is the same as the maximum of
abs{Re[CWT (a, b)]}. The maximization of |CWT (a, b)|
can be obtained by taking the partial derivatives of (11)
with respect to variables b and a and setting the outcome
to zero, giving (12) (see next page). The solution to (12) is
b = τ , which proves that the CWT peak is the exact esti-
mation of the time-of-arrival. Furthermore (13) (see next
page) implies that:(
a

(
−aγ0ω

2
c −a2αωcω0 +ω2

0aα+γ0ωcω0
)

a2α+γ0
+

(
γ0 −a2α

))
=0.
(14)

The solution of (14) does not yield an exact estimation
of the center frequency which is ωc = ω0

a . Hence, there
is a bias in the estimation of the center frequency when
using the CWT. To calculate the bias, it is considered that
ωc = ω0

a + δ, where δ is the estimation bias. Substituting
this result into (14) leads to:

δ2 (
a2γ0

)
+ δ

(
ω0aγ0 + ω0a

3α
)

+ a4α2 − γ2
0 = 0.

(15)

The explicit solution for the bias is (16) (see next page).
There are two possible solutions to (15), δ+ and δ−. In

the case where γ0 = α and a = 1 (i.e., ωc = ω0) (16)
simplifies to (17) and (18) (see page 317).

Thus the correct solution for the center frequency bias is
given by δ+. Furthermore, the bias is unknown and cannot
be used to correct the frequency estimation because the
bandwidth factor and the phase are not known a priori.

To circumvent the biasness of the CWT, a modified
version of the CWT (MCWT) has been developed. The
MCWT is introduced as a means to exactly estimate all
parameters of the ultrasonic echo. The estimation of the
center frequency, time-of-arrival, bandwidth factor, phase,
and amplitude is executed with an overcomplete Morlet
wavelet kernel, ψΘ̂(t), that spans in γ (bandwidth factor)
and θ (phase) space:

ψΘ̂(t) =
1√
ε

exp
[
−γ(t − b)2 + iω0

(
t − b

a

)
+ iθ

]
,
(19)
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CWT (a, b) = β

√
aπ

αa2 + γ0
exp

[
−

(
ωc − ω0

a

)2 − 4αγ0
a2 (b − τ)2 + i

(
4

(
αω0

a + γ0ωc

a2

)
(b − τ) + 4φ

(
α + γ0

a2

))
4

(
α + γ0

a2

)
]

. (9)

∂|CWT (a, b)|
∂b

= −β

√
aπ

αa2 + γ0
exp

[
−

(
ωc − ω0

a

)2 − 4γ0α
a2 (b − τ)2

4
(
α + γ0

a2

)
](

2αγ0(b − τ)
a2α + γ0

)
= 0. (12)

∂|CWT (a, b)|2
∂a

=
πβ2

(a2α + γ0)
2 exp

[
−

(
ωc − ω0

a

)2

2
(
α + γ0

a2

)
](

a
(
−aγ0ω

2
c − a2αωcω0 + ω2

0aα + γ0ωcω0
)

a2α + γ0
+

(
γ0 − a2α

))
= 0,

(13)

δ+, δ− =
−ω0

(
a2α + γ0

)
±

√
ω2

0 (a4α2 + 2a2αγ0 + γ2
0) − 4γ0 (a4α2 − γ2

0)
2aγ0

. (16)

where the term 1√
ε

normalizes the energy of the mod-

ified wavelet kernel, and ε =
√

π
2γ . This overcomplete

Morlet wavelet differs from the kernel used in the Gabor-
Helstrom transform ([16] and [29]) by including two ad-
ditional parameters: phase and bandwidth. The Θ̂ =[
γ, β̂, ω0

2πa , θ, b
]

represents the vector of estimated pa-

rameters. The MCWT (Θ̂) of a single echo is given by (20)
(see next page). The solution to (20) results in (21) (see
next page). It is the objective of the parameter estima-
tion algorithm to find the peaks of the TF representation
of the ultrasonic echo to estimate the signal’s center fre-
quency and time-of-arrival. To accomplish this goal, the
magnitude of the MCWT (Θ̂) is used for the TF represen-
tation of the signal, which is given by:∣∣∣MCWT (Θ̂)

∣∣∣ =

β√
ε

√
π

α + γ
exp

[
−

(
ωc − ω0

a

)2 − 4αγ(b − τ)2

4(α + γ)

]
. (22)

The determination of the maximum of (22) can be ob-
tained by taking partial derivatives as a function of a and
b, as shown in (23) and (24) (see next page).

The maximum of (22) is reached when b = τ and
ω0
a = ωc. The solutions to (23) and (24) show that the

peak (maximum) of the
∣∣∣MCWT (Θ̂)

∣∣∣ representation ex-
actly (with no bias) estimates the time-of-arrival and cen-
ter frequency of the ultrasonic echo. It is important to
point out that these estimates are not a function of the
phase and the bandwidth of the kernel, which is a desir-
able property. Consequently, the TF representation based

on (22) can be obtained by using γ = 1 and θ = 0. Fur-
thermore, the peak value of

∣∣∣MCWT (Θ̂)
∣∣∣ is proportional

to the amplitude of the actual echo and leads to the esti-
mation of β.

Similarly, the estimation of the phase and bandwidth
factor of the ultrasonic echo is determined by taking
partial derivatives of Re

{
MCWT (Θ̂)

}
as a function

of θ and γ, respectively. The real part of the MCWT
(Re

{
MCWT (Θ̂)

}
) is used in this step because the phase

information is not contained in the magnitude representa-
tion of the transformation shown in (25) (see next page).

The center frequency and time-of-arrival of the ultra-
sonic echo have been estimated already in the previous
step of the parameter estimation algorithm. Hence, (25)
can be simplified to:

Re
{
MCWT (Θ̂)

} ∣∣∣∣ b=τ
ω0
a =ωc

=
β√
ε

√
π

α + γ
cos(φ − θ)

= β

(
2γ

π

)1/4 (
π

α + γ

)1/2

· cos(φ − θ).

(26)

Therefore, the partial derivatives as a function of θ and
γ result in (27) and (28) (see next page). The solution
to (27) leads to maximum of (26) when θ = φ ± 2πk,
k = 0, 1, 2, . . . . The solution to (28) results in the maxi-
mization of (26) when γ = α. These results show that the
MCWT (Θ̂) cannot only estimate the time-of-arrival and
center frequency with no bias, but it also can allow the
exact estimation of the phase and the bandwidth factor of
the ultrasonic echo.
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δ+ =
−ω0

(
a2α + γ0

)
+

√
ω2

0 (a4α2 + 2a2αγ0 + γ2
0) − 4γ0 (a4α2 − γ2

0)
2aγ0

= 0, (17)

and

δ− =
−ω0

(
a2α + γ0

)
−

√
ω2

0 (a4α2 + 2a2αγ0 + γ2
0) − 4γ0 (a4α2 − γ2

0)
2aγ0

= −2ω0. (18)

MCWT (Θ̂) =

∞∫
t=−∞

fΘ(t)ψ∗
Θ̂(t)dt

=
β√
ε

∞∫
t=−∞

exp
[
−t2(α + γ) − t

(
−2τα − iωc − 2bγ +

iω0

a

)
−

(
ατ2 + iωcτ − iφ + γb2 − ibω0

a
+ iθ

)]
dt.

(20)

MCWT (Θ̂) =
β√
ε

√
π

α + γ
exp

[
−

(
ωc − ω0

a

)2 − 4αγ(b − τ)2 + i
[
4

(
αω0

a + γωc

)
(b − τ) + 4(α + γ)(φ − θ)

]
4(α + γ)

]
.
(21)

∂
∣∣∣MCWT (Θ̂)

∣∣∣
∂a

=
β√
ε

√
π

α + γ
exp

[
−

(
ωc − ω0

a

)2 − 4αγ(b − τ)2

4(α + γ)

] (
ω0

(
ω0
a − ωc

)
2a2(α + γ)

)
= 0, (23)

∂
∣∣∣MCWT (Θ̂)

∣∣∣
∂b

=
−β√

ε

√
π

α + γ
exp

[
−

(
ωc − ω0

a

)2 − 4αγ(b − τ)2

4(α + γ)

] (
2αγ(b − τ)

(α + γ)

)
= 0, (24)

Re
{

MCWT (Θ̂)
}

=
β√
ε

√
π

α + γ
exp

[
−

(
ωc − ω0

a

)2 − 4αγ(b − τ)2

4(α + γ)

]
cos

[(
αω0

a + γωc

)
(b − τ) + (α + γ)(φ − θ)

(α + γ)

]
.

(25)

∂ Re
{
MCWT (Θ̂)

} ∣∣∣∣ b=τ
ω0
a =ωc

∂θ
= β

(
2γ

π

)1/4 (
π

α + γ

)1/2

sin(φ − θ) = 0, (27)

∂ Re
{
MCWT (Θ̂)

} ∣∣∣∣ b=τ
ω0
a =ωc

∂γ
=

β

2
cos(φ − θ)(2π)1/4

(
γ1/2

α + γ

)−1/2 [
(α − γ)γ−1/2

2(α + γ)2

]
= 0. (28)

sΘ(t) =
N−1∑
j=0

fΘj(t) =
N−1∑
j=0

βj exp
[
−αj (t − τj)

2
]
cos (2πfcj (t − τj) + φj) . (29)
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B. Description of the Algorithm and Results

The successive parameter estimation technique can be
applied to ultrasonic signals consisting of multiple echoes
as shown in (29) (see previous page).

To search for an optimal result, the estimation method
is iterated one echo at a time until the reconstruction error,
Er, is below an acceptable value Emin. The value of Emin
is application specific because it varies based on the re-
quirements of the reconstruction quality of the signal. The
noise level of the input signal also influences in the deter-
mination of Emin, as the algorithm starts reconstructing
noise after a certain number of iterations. If the error is not
acceptable, the estimated echoes are subtracted from the
original signal, and the estimation process is repeated for
additional echoes until the error is within the acceptance
level. If the total number of echoes N in the ultrasonic
signal is unknown, then the reconstruction error is caused
by two components. The first component is the error due
to the incorrect estimation of the parameters for the first
M echoes (M < N). The second error component is due
to the energy of the echoes that are not estimated (N −M
echoes). If the signal has poor SNR, after a number of iter-
ations the algorithm will start to track the noise instead of
the ultrasonic echoes. For this reason, in a noisy environ-
ment the number of iterations should be limited. A block
diagram summarizing the successive parameter estimation
algorithm is shown in Fig. 2.

An example of a simulated ultrasonic echo is shown in
Fig. 3(a) with a bandwidth factor α = 6 (MHz)2, arrival
time τ = 3.5 µs, center frequency fc = 4 MHz, phase φ =
0.6 rad, and amplitude β = 1 (i.e., Θ = [6, 1, 4, 0.6, 3.5]).
Both original and reconstructed signals are superimposed
in Fig. 3, showing that the signal parameters are estimated
as Θ̂ = [6, 1, 4, 0.6, 3.5] with a SNR above 200 dB, which
is within the margin of computational error. Fig. 3(b)
shows the TF representation (|MCWT (Θ̂)|) of the sig-
nal shown in Fig. 3(a). Because there is only one echo in
the signal, the window spans the whole signal. The peak
in Fig. 3(a) coincides with the correct values for the cen-
ter frequency and time-of-arrival (fc and τ) of the echo.
Fig. 3(c) shows the representation of Re

{
MCWT (Θ̂)

}
as

a function of bandwidth and phase. The results in Fig. 3(c)
show that the peaks are located at the correct values of the
phase and bandwidth (φ and α) of the echo.

Fig. 3 shows that the estimation of a noise-free sin-
gle echo is exact. This ideal situation is not encountered
in many practical applications. Moreover, it is important
to point out that the parameter estimation efficiency is
degraded in a noisy environment. One also would expect
that the degree of degradation depends on the input SNR,
where SNR = 10 log Psignal

Pnoise
, and Psignal and Pnoise rep-

resent the power of the signal and the power of the noise,
respectively. We have examined the performance of the pa-
rameter estimation algorithm by evaluating the SNR en-
hancement (i.e., the difference between the output SNR
and the input SNR). Fig. 4 shows the output SNR as a

Fig. 2. Successive parameter estimation flowchart.

function of the input SNR. Each point in this plot rep-
resents a realization of the noise with different energies
added to the single echo, and the respective output SNR
represents the improvement achieved by the parameter es-
timation algorithm. The parameters of the single echo were
not changed. The input SNR has been varied from −12 dB
(severely poor SNR) to 36 dB (high SNR). It has been
observed that the SNR enhancement is well above 10 dB,
and enhancements as high as 60 dB can be achieved. These
results clearly indicate that the successive parameter esti-
mation algorithm is robust and performs well. Fig. 5 shows
two examples of echoes with an input SNR of −2 dB (mod-
erately poor SNR) and −12 dB (severely poor SNR). In
both cases the estimated echoes are closely matched to the
actual echo [see Figs. 5(b) and (f)]. The estimated echoes
show a SNR enhancement of above 25 dB.

The performance of the parameter estimation algorithm
is also expected to degrade in an environment with multi-
ple interfering echoes. The following example illustrates
the performance of the algorithm when applied to two
highly interfering echoes. The TF representation of the
two interfering echoes is shown in Fig. 6(a). The procedure
used to design the window is based on the determination of
the peaks and valleys of the MCWT representation of the
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Fig. 3. (a) Original signal (dashed line, Θ = [6, 1, 4, 0.6, 3.5]), estimated signal (solid line, Θ̂ = [6, 1, 4, 0.6, 3.5]). (b) Time × frequency
representation of signal in (a). (c) Phase × bandwidth representation of signal in (a).

Fig. 4. Input and output SNRs.

ultrasonic signal. Once the peaks are found, the bound-
aries of the window are determined by the valleys between
peaks. An automatic algorithm uses the projection of the
MCWT in the frequency domain [Fig. 6(b)] and in the
time domain [Fig. 6(c)] to localize the peaks and valleys of
the TF representation. If more than two peaks are found,
the window for each echo is constructed by the intersection
of such boundaries. In noisy environments, it is important
to constrain the size of the window in order to limit the
amount of noise into the signal estimation step. But it also
is important to keep as much of the signal information as

possible. Hence, the boundaries in the TF representation
may not truthfully characterize the location of the echoes.
For this reason, the width of the window can be set to a
predetermined value that may depend on the noise level,
bandwidth, and energy of the echo. These are the trade-
offs one must take in consideration when designing the TF
windowing algorithm.

The actual and estimated parameters are presented in
Table I. The estimated echoes are superimposed to the
original signal in Fig. 7, in which the SNR of the esti-
mated echoes is better than 20 dB. From Fig. 7 one can
conclude that the successive parameter estimation algo-
rithm is successful, even in a situation in which multiple
echoes interfere in both time and frequency.

III. Performance Evaluation with Simulated and

Experimental Ultrasonic Signals

In this section we analyze the performance of the suc-
cessive parameter estimation method using composite and
highly interfering simulated (see Figs. 8–10) and exper-
imental (see Fig. 11) echoes. Fig. 8(a) shows the time-
domain representation of a simulated ultrasonic signal
with 10 interfering echoes. White noise was added to this
signal, and the result is shown in Fig. 8(c), in which the
SNR is 1.5 dB. The SNR of the estimated signal as shown
in Fig. 8(e) is 14 dB. The actual [see Fig. 8(b)] and the esti-
mated [see Fig. 8(f)] TF representations of this composite
signal are also closely matched.

Authorized licensed use limited to: Illinois Institute of Technology. Downloaded on October 02,2020 at 05:32:34 UTC from IEEE Xplore.  Restrictions apply. 



320 ieee transactions on ultrasonics, ferroelectrics, and frequency control, vol. 52, no. 2, february 2005

Fig. 5. (a) Echo 1 with moderately poor SNR. (b) Estimated Echo 1 superimposed with actual echo. (c) TF representation of Echo 1.
(d) TF representation of estimated Echo 1. (e) Echo 2 with severely poor SNR. (f) Estimated Echo 2 superimposed with actual echo. (g) TF
representation of Echo 2. (h) TF representation of estimated Echo 2.

Fig. 6. (a) TF representation of two interfering echoes. (b) Projection in the frequency domain. (c) Projection in the time domain.
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TABLE I
Two Interfering Echoes, Original and Estimated Parameters.

f f̂ τ τ̂ α α̂ β β̂ φ φ̂
Echo [MHz] [µs] [MHz]2 [rad]

First 4 4 5 5 4 4.1 1 0.997 0 0
Second 6 5.95 5.5 5.52 3 3 1 1.1032 1 1.8

Fig. 7. Original (solid line) and estimated (dashed line) signals.
(a) Two interfering echoes. (b) First echo. (c) Second echo.

Fig. 9 shows the sequence of estimated single echoes out
of the 10 interfering echoes in Fig. 8. The original and es-
timated single echoes are superimposed in Fig. 9. Because
this is a successive parameter estimation algorithm, the
echoes with the highest energy in the TF domain are esti-
mated first. The original signal parameters, Θ, as well as
the estimated parameters, Θ̂, are shown in Table II. Both
Table II and Fig. 9 confirm the successive parameter es-
timation algorithm effectiveness in estimating parameters
with a high level of accuracy.

The successive estimation of the ultrasonic echoes is
terminated once the energy of the last estimated echo was
20 dB below the energy of the most dominating echo. The
clutter and thermal noise vary in different applications;
hence, the threshold used in the algorithm must change
accordingly. The 20 dB threshold is specific to this exam-
ple. If the algorithm continues after this point, it begins
to estimate low intensity clutter and measurement noise.
Fig. 10 shows the succession of the algorithm in estimat-
ing from the most dominant echo in the signal to the least
dominant echo.

The parameter-estimation method provides a high level
of data compression while maintaining a high-fidelity rep-
resentation of the signal. The successive parameter estima-
tion algorithm achieves a data compression ratio given by:

CR = 1 − 5N

J
, (30)

where J is the number of samples and N is the number of
echoes in the ultrasonic signal with five estimated param-
eters per single echo. The original signal [see Fig. 8(a)] has
2048, 16-bit coefficients, and the estimated signal can be
reconstructed with 50, 16-bit coefficients. Hence, the algo-
rithm achieved a data compression ratio of 97%. Further
compression can be achieved by encoding the estimated
parameters using lossless compression algorithms [23] and
[24]. The successive parameter estimation algorithm can
also iterate for more than 10 echoes to improve the SNR
of the original signal even further. Fig. 12 shows the SNR
and compression ratio for 50 iterations of the algorithm. It
can be observed that, during the first 18 iterations (from
CR = 0.99 to CR = 0.96), the SNR is improved from 0 dB
to 20 dB. After this point, the algorithm proceeds esti-
mating noise instead of the original echoes, which leads to
a decrease in the SNR. Furthermore, the SNR improve-
ment reaches a plateau of about 19 dB beyond 25 echo
estimations. In summary, the algorithm is robust in the
estimation of echoes in an ultrasonic signal embedded in
noise. Nevertheless, the successive parameter estimation
algorithm achieves a high rate of data compression if the
signal has a limited number of echoes. In the case in which
the signal contains a very large number of multiple in-
terfering echoes [30] the performance of data compression
may deteriorate.

The parameter estimation algorithm also was evaluated
using an ultrasonic experimental signal consisting of mul-
tiple interfering echoes. Fig. 11(a) shows an experimen-
tal signal acquired from a steel sample block with a flat-
bottom hole using a 5 MHz transducer and sampling rate
of 100 MHz. The experimental signal has a very poor SNR
and the flaw echo shows interference from microstructure
scattering and measurement noise. Fig. 11(c) shows the
estimated signal that has been successful in filtering out
the noise and achieving an accurate estimation of the flaw
echo using 20 echoes. The TF representation of the exper-
imental and estimated signals is shown in Figs. 11(b) and
(d), respectively. Fig. 11 clearly shows that the dominant
flaw echo has lower frequency content when compared to
the backscattered grain echoes [31].

IV. Conclusions

In this study, we have analyzed a signal modeling and
successive parameter estimation technique to compress
and denoise ultrasonic signals. It has been shown ana-
lytically that the CWT leads to an exact estimation of
the time-of-arrival and a biased estimation of the center
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Fig. 8. (a) Original signal. (b) TF representation of signal in (a). (c) Original signal corrupted with noise. (d) TF representation of signal
in (c). (e) Estimated signal. (f) TF representation of signal in (e).

TABLE II
Original and Estimated Parameters of Multiple Interfering Simulated Echoes.

f f̂ τ τ̂ α α̂ β β̂ φ φ̂
Echo [MHz] [µs] [MHz]2 [rad]

a 4.5 4.5000 1 0.986 4 3.6000 1 0.9835 1 0.6000
b 4 3.9500 6 5.997 4.8 9.7000 0.9 0.9273 0.8 0.7000
c 4 4.0000 3 3.019 4 5.6000 1 0.9983 0.9 1.4000
d 7 7.1000 9 8.980 8 6.0000 1 0.9120 1.5 0.6000
e 3 3.0000 2 1.975 5 5.8000 0.9 0.9133 0.8 0.3000
f 5 4.9500 8.7 8.692 8 5.8000 0.8 0.9062 0.2 0
g 3.3 3.2500 5 5.094 5 5.4000 0.8 0.7849 0 2.0000
h 3 3.0000 7 0.6963 5 7.6000 1 0.9101 0.7 0
i 3 3.000 8 8.077 4 2.0000 1 1.0541 0.5 2.0000
j 3 2.9500 4 3.970 4 6.2000 0.5 0.5504 0.7 0

Authorized licensed use limited to: Illinois Institute of Technology. Downloaded on October 02,2020 at 05:32:34 UTC from IEEE Xplore.  Restrictions apply. 



cardoso and saniie: analysis of signal modeling and parameter estimation techniques 323

Fig. 9. Sequence of single echo estimations from highest energy echo shown in (a) to the lowest energy echo shown in (j) superimposed with
the original echoes. The solid line represents the original echoes, and the dashed line represents the estimated echoes.

Fig. 10. Energy of estimated echoes from the highest energy to the
lowest energy.

frequency. Consequently, a MCWT based on the Gabor-
Helstrom transform has been introduced to estimate both
the time-of-arrival and the center frequency of ultrasonic
echoes exactly. The parameter estimation algorithm uses
an overcomplete Morlet wavelet kernel for estimating all of
the ultrasonic echo parameters. It has been shown through

computer simulations and analytical derivations that the
MCWT algorithm can efficiently estimate all the echo pa-
rameters.

The parameters of the ultrasonic echo affect the over-
all estimation error differently. Thus, we have analyzed
the sensitivity of the reconstruction error to the varia-
tion of the estimated parameters. The results presented
reveal that center frequency and time-of-arrival are the
most critical parameters in the estimation of ultrasonic
echoes. These parameters are estimated directly from the
peaks in the TF representation of the signal.

The successive parameter estimation algorithm relies on
an automatic windowing procedure to find and localize
single echoes in the signal’s TF representation. This pro-
cedure uses the time and frequency domain projections
of the TF representation of the signal to determine the
boundaries of the window. This method is shown to be
successful in high SNR environments, but its performance
deteriorates as the noise level increases. To remedy this
problem, a different procedure with a reduced size window
is desirable for low SNR signals.

The performance of the data compression algorithm has
been evaluated using both simulated and experimental ul-
trasonic signals. The algorithm is able to compress ultra-
sonic data by estimating the echo parameters with high
accuracy, which leads to high fidelity signal reconstruction
capabilities. The algorithm also performs well in noisy en-
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Fig. 11. (a) Experimental signal. (b) TF representation of signal in (a). (c) Estimated signal. (d) TF representation of signal in (c).

Fig. 12. SNR enhancement of successive parameter estimation algo-
rithm as function of compression ratio.

vironments in which SNR enhancements beyond 60 dB are
feasible. Overall, the signal modeling and parameter esti-
mation algorithm presented in this paper not only offers
data compression capabilities, but also provides parame-
ters that can be used for signal deconvolution, target detec-
tion, pattern recognition, and material characterization.
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