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Abstract
There are two well-known ultrasonic approaches to extract sets of quantitative parameters:
Lizzi–Feleppa (LF) parameters: slope, intercept, and midband; and quantitative ultrasound (QUS)–
derived parameters: effective scatterer diameter (ESD) and effective acoustic concentration (EAC).
In this study, the relation between the LF and QUS-derived parameters is studied theoretically
and experimentally on ex vivo mouse livers. As expected from the theory, LF slope is correlated
to ESD ( R 2 =1.00 ), and from experimental data, LF midband is correlated to EAC ( R 2 = 0.76 ).
However, LF intercept is not correlated to ESD ( R 2 = 0.25 ) nor EAC ( R 2 = 0.07 ). The unexpected
correlation observed between LF slope and EAC ( R 2 = 0.94 ) results likely from the high correlation
between ESD and EAC due to the inversion process. For a liver fat percentage estimation, an
important potential medical application, the parameters presenting the better correlation are EAC
( R 2 = 0.78 ) and LF midband ( R 2 = 0.70 ).
Keywords
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Introduction
Conventional diagnostic ultrasound B-mode images are made by generating a gray-scale map
using the envelope-detected radio-frequency (RF) signal backscattered from the tissues. B-mode
images qualitatively display the brightness of the RF echo signal. One of the first approaches to
construct quantitative ultrasonic images was an image texture analysis by fitting probability density distributions on the envelope of the RF data. These distributions could be Rayleigh, Rice, K,
Homodyne K, Nakagami, or Generalized Gamma.1,2 The parameters obtained with the image
texture analysis are quantitative but system dependent. To obtain system-independent parameters, a calibration reference is needed. The frequency-dependent information of the RF data can
yield estimates of attenuation coefficient (AC) and normalized backscatter power spectrum (also
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denoted backscatter coefficient [BSC]), both of which are intrinsic properties of tissue that are
not dependent on the ultrasonic system or the operator.3,4
The early work by Kuc5–7 and Miller8–10 provided significant background for the later quantitative ultrasound (QUS) approaches. Two of these quantitative approaches to estimate parameters through frequency-dependent RF data were developed about the same time.3,11 The basic
methodology calls for acquiring from the region under study the echo RF signals, gate them as
needed, and estimate an average power spectrum. To compensate for the system transfer function, the procedures are repeated for a known reference (planar or tissue-mimicking phantom) to
generate a calibrated power spectrum. Then, normalize the average power spectrum by the calibrated power spectrum, and apply an appropriate estimated ultrasonic attenuation correction and,
as needed, a diffraction correction to yield the BSC.
The first approach estimates the Lizzi–Feleppa (LF) parameters from the linear fit of the BSC
and yields the slope, intercept, and midband. The second approach relies on the BSC as a function of frequency and on scatterer parameters derived from the BSC. These parameters are estimated by fitting the BSC versus frequency space with a theoretical BSC using a scattering model
which yields the effective scatterer diameter (ESD) and effective acoustic concentration (EAC).
Both of these QUS methods have been applied successfully. The most common application is
tissue characterization12–20 to detect cancer,21–29 to differentiate among cell lines,30–33 or to characterize red blood cell aggregation.34,35 QUS techniques are also used to detect fatty liver disease
in animals36,37 and human patients.38,39 Kemmerer et al.40–42 used QUS parameters to assess thermal therapy with high-intensity focused ultrasound (HIFU) in rat liver. Another application has
been to monitor anticancer therapy by detecting cell death and especially apoptosis in cell pellet
biophantoms,43–45 in mouse model in vivo,46,47 and in patients.48
The goal of this study is to compare the LF (slope, intercept, and midband) and QUS-derived
parameters (ESD and EAC) to examine how they may be related. This relation is studied theoretically first and then experimentally using RF echo data from 40 ex vivo mouse livers. Normal and
fatty mouse livers were chosen for this study, because according to previous studies,36–39 the
frequency-dependent BSC and QUS-derived parameters are expected to be correlated to the fat
content.

Theoretical Correlations of QUS and LF Parameters
Scattering models are based on a 3-D spatial autocorrelation function describing the shape and
distribution of scatterers in the medium.49,50 By assuming that the scatterers have an impedance
distribution and are spherical in shape, the 3-D spatial autocorrelation function leads to closed
form solutions for the theoretical backscattered power spectrum. The form factor in the theoretical backscattered power spectrum describes the frequency dependence of scattering based
on the size, shape, and mechanical properties of the scatterers. Using the Gaussian form factor,
which represents a distribution of continuously changing impedance with the surrounding tissues, the normalized theoretical backscattered power spectrum Wtheo is given by (see Equation
(2) in Ref. 29):
Wtheo ( f ) =

185 Lq 2 aeff 6 η Z f 4
1 + 2.66 ( qaeff f )

2

e

−12.16 aeff 2 f 2

,

(1)

where f is the frequency, L is the axial length of the range gated region (Hanning window), q is
the ratio of the aperture radius to distance from the region of interest where the backscattered power
2
spectrum is evaluated, aeff is the effective scatterer radius, and ηz is the EAC ( ηz = CQ , the
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product of number of scatterers per unit volume and the square of the fractional difference of acoustic impedance between the scatterers and the medium). By taking 10 log 10 (Wtheo ) , the equation of
a straight line is obtained (see Equation (14) in Ref. 29):

( )

10 log (Wtheo ( f ) ) − 10 log f 4 ≈ 10 log 185 Lq 2 aeff 6η Z 


2
2  2
−4.34  2.66 ( qaeff ) + 12.16aeff
 f .


(2)

The slope of this line is denoted m and depends on aeff , and the intercept of this line is
denoted b and depends on aeff and η Z :

( )

10 log (Wtheo ( f ) ) − 10 log f 4 ≈ m ( aeff ) f 2 + b ( aeff , η Z ) ,

(3)

where

(

)

m = − 11.6q 2 + 52.8 aeff 2

(4)

b = 10 log 185 Lq 2 aeff 6 η Z  .



(5)

and

This theoretical description does not take into account the effect of the attenuation compensation of the tissue that is implemented for the estimate of BSC. There are different techniques to estimate tissue attenuation, as the broadband insertion-loss technique51 generally
uses a planar reference for in vitro or ex vivo measurements or as the spectral difference reference phantom method52 generally uses a reference phantom for in vivo measurements. For the
planar reference method, the AC is estimated from the log difference of the reflected power
spectrum from a reference reflector with and without the sample in place, and is computed as
the linear slope of the frequency-dependent attenuation (in dB/cm), as developed by D’Astous
and Foster12:
α s ( f ) = αsaline ( f ) +

 Sr ( f ) 
10
log 
,
 S s ( f ) 
2d



(6)

where α s ( f ) and αsaline ( f ) are the attenuation of the sample and the reference liquid, usually
saline, respectively; Sr ( f ) is the power spectrum of the windowed scan line from the reference
measurement; S s ( f ) is the power spectrum of the waveform reflected from the Plexiglas plate
with the sample in place; and d is the estimated sample thickness.
The spectral difference reference phantom method estimates the local attenuation using the
backscattered difference in the spectral amplitude at increasing depth. The tissue within a small
region of interest (ROI) is assumed to be homogeneous and isotropic. The frequency-dependent
attenuation (in dB/cm) can be estimated as
αs ( f ) = αr ( f ) −

γ( f )
4 × 8.686

,

(7)
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where α r ( f ) is the attenuation of the reference phantom and γ( f ) is the slope of the straight
line that fits the natural log ratio of tissue sample power spectrum as a function of depth.
To account for attenuation explicitly to estimate the LF and QUS-derived parameters, and
their correlations, the attenuation compensation is applied to the normalized theoretical power
spectrum Wtheo by multiplying it by the attenuation compensation term 10−2 z[α s ( f ) −αsaline ( f )]/10 .
The product of these two terms is denoted Watt :

Watt ( z , f ) = Wtheo ( z , f )10

−2 z[ α s ( f ) − αsaline ( f )]/10

(8)

,

where z is the distance between the transducer and the gated region. Note that α 0 ( f ) is
expressed in dB/cm:
α 0 ( f ) = α s ( f ) − αsaline ( f ) .

(9)

In tissue, the attenuation is generally defined as α 0 ( f ) = β0 f n , where β0 is a constant in dB/
cm-MHz and n is generally close to 1 for most soft tissues. Thus, incorporating attenuation
compensation, Equation (3) becomes

( )

10 log (Watt ( f ) ) − 10 log f 4 ≈ m ( aeff ) f 2 + b ( aeff , η Z ) − 2 zβ0 f n ,

(10)

or by denoted m1 , the slope m , with the effect of attenuation:

( )

(

)

10 log (Watt ( f ) ) − 10 log f 4 ≈ m1 aeff , β0 f n f 2 + b ( aeff , η Z ) .

(11)

Note that in the case of Equation (11), there is no analytic definition for the term m1 in the
general case (especially without defining the frequency dependence of the attenuation).
Experimental QUS parameters are usually reported for a narrow frequency bandwidth due to
the nature of the backscatter echo signal. Therefore, the LF and QUS-derived parameters are
estimated from this narrow frequency bandwidth, and other QUS parameters, as mean BSC and
mean AC, are averaged on a narrow bandwidth around the center frequency f c . Moreover, as
experimental acquisition of the backscattered echo signal data is realized over a narrow frequency bandwidth, attenuation compensation is also estimated for the center frequency. In this
case, with the constant f c , Equation (10) becomes

( )

10 log (Watt ( f ) ) − 10 log f 4 ≈ m ( aeff ) f 2 + b ( aeff , η Z ) − 2 zβ0 f cn

(12)

or

( )

(

)

10 log (Watt ( f ) ) − 10 log f 4 ≈ m ( aeff ) f 2 + b1 aeff , η Z , β0 f cn .

(13)

The QUS method consists of fitting a straight line over 10 log (Watt ( f )) − 10 log ( f 4 ) as a lin2
ear function of f . The slope of this line, m , is used to estimate ESD, and the intercept b1 is
used to estimate EAC. The QUS-derived parameters ESD and EAC are defined as
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ESD = 2aeff = 2

m

(14)

11.6q 2 + 52.8

and

EAC = η Z = 64

10

(b1 + 2 zβ0 fcn )/10

185 Lq 2 ESD6

(15)

.

The LF parameters are estimated by fitting a straight line over 10 log (Watt ( f )) as a linear
function of frequency:

(

)

( )

10 log (Watt ( f ) ) ≈ m ( aeff ) f 2 + b1 aeff , η Z , β0 f cn + 10 log f 4 .

(16)

By fitting this equation to a straight line over f , a correction factor of 2 f c must be used on
m to estimate the slope by a linear fit:
2
2


 ESD 
 ESD 
2
,
LFslope = 2 f c  −11.6q 2 
−
52
.
8
+
17.4
f

 2 


 2 




6


 ESD 
LFintercept = 10 log 185 Lq 2 
EAC  − 2 zβ0 f cn + 8.68 ,

 2 


2
2


 ESD 
 ESD 
2
 fc
LFmidband = 2 f c  −11.6q 2 
−
52
.
8
+
17.4
f
c

 2 


 2 




6


 ESD 
+ 10log 185 Lq 2 
EAC  − 2 zβ0 f cn + 8.68.

 2 



(17)

(18)

(19)

The simplification in the LF parameter equations is valid for frequencies expressed in GHz
(because numerically, f = 1 ).
n
If L , q , and β0 f c are known, then the correlation between the LF parameters—slope, intercept, and midband—and the QUS-derived parameters—ESD and EAC—can be determined
(Equations (17)-(19)). LF slope is correlated to ESD. LF intercept is correlated to ESD and EAC.
LF midband is correlated to ESD and EAC. It is noted that ESD is needed to estimate EAC
(Equation (15)), and thus their errors are correlated. Therefore, due to the inversion process, EAC
could be correlated to ESD.

Materials and Methods
Animal Protocol
The ultrasound data from this study were acquired from freshly excised livers of C57BL/6J mice.
The 40 mice were fed with a control (n = 25) or a high-fat (n = 15) diet, as detailed in Ref. 36.
After the RF data acquisition, the liver fat percentage was determined by a biochemical method.
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Table 1. Summary of the Units of the LF and QUS-derived Parameters.
Parameter
LF slope
LF intercept
LF midband
ESD
EAC

Unit
dB/MHz
dB
dB
µm
dB/mm3

LF = Lizzi–Feleppa; QUS = quantitative ultrasound; ESD = effective scatterer diameter; EAC = effective acoustic
concentration.

QUS Methodology
RF data acquisition for mice ex vivo. Mouse livers were extracted immediately after euthanasia.
Each liver was placed in a saline bath at ambient temperature for scanning. The RF data were
acquired using a 40-MHz single-element transducer (NIH High-Frequency Transducer Resource
Center at the University of Southern California, Los Angeles, California; diameter = 3 mm,
f-number = 3.0, –10 dB bandwidth = [25-55] MHz, focus distance = 9.2 mm, –6 dB depth of
field = 2.4 mm) excited by an UT340 Pulser-Receiver System (Utex, Science Instrument, Inc.,
Mississauga, Canada) connected to a personal computer (PC) analog-to-digital acquisition card
with 1 GHz sampling rate. Transducer position was controlled using a Daedal Positioning System (Daedal, Inc., Harrisburg, Pennsylvania) connected to a PC running custom LabView
(National Instruments, Austin, Texas) software. For each image, a Field of Interest (FOI) containing the most homogeneous part of the liver, avoiding features representing vessels on the
B-mode image, was defined. The FOI contained at least 50 independent RF lines for depths
included in the –6 dB depth of field of the transducer. For each liver, RF data were collected
from 11 scan planes with a step size around 500 µm to estimate the BSC. The spectral estimates
from the successive scans are independent.
Attenuation and BSC measurements for mice ex vivo. The attenuation for each liver was obtained
using a broadband insertion-loss technique6,51 with a 40-MHz f/3 focused transducer, with methodology described in Ref. 36. The attenuation was estimated from 36 independent lateral locations across the sample and averaged to obtain the mean attenuation (dB/cm) versus frequency
curve over the –10 dB bandwidth 25 to 55 MHz. The BSC was estimated using the planar reference technique,53 as described in Ref. 36: the BSC was estimated for each ROI (equivalent to 15
× 15 wavelengths at 40 MHz), and all the BSC estimates from the data of one sample were averaged together to yield the mean BSC versus frequency curve over the –10 dB bandwidth 25 to 55
MHz.
LF and QUS-derived parameters estimation. The LF and QUS-derived parameters were estimated
using a fit of the BSC as a function of frequency after attenuation compensation.
The LF parameters were estimated for each mean BSC of each mouse liver. The best linear fit
was estimated on 10log(BSC) versus linear frequency, and the LF parameters were extracted:
slope, intercept at 0 MHz, and midband fit (amplitude in dB at the 40-MHz central frequency).
The QUS-derived parameters correspond to scatterer parameters and were extracted by fitting
the BSC with a theoretical BSC using a given scattering model. As the LF method is based on a
Gaussian theory, to be consistent in this study, a Gaussian form factor is used. The method to
obtain the scatterer estimates (ESD and EAC) is presented in Ref. 29.
The parameter units are summarized in Table 1.
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Table 2. Correlation Coefficients of the LF or QUS-derived Parameters for Ex Vivo Mouse Livers.
R2
ESD
EAC
LF slope
LF intercept
LF midband

ESD
0.98a
1.00a
0.25
0.65

EAC

LF Slope

LF Intercept

LF Midband

0.98a

1.00a

0.25
0.07
0.31

0.65
0.76
0.52
0.03

0.94a
0.94a
0.07
0.76

0.31
0.52

0.03

aDenotes that a second-order polynomial fit instead of a linear fit was used. LF = Lizzi–Feleppa; QUS = quantitative
ultrasound; ESD = effective scatterer diameter; EAC = effective acoustic concentration.

The correlations among LF parameters and between ESD and EAC are presented in Figure 2,
with the best linear or second-order polynomial fits. The correlation coefficients are summarized
in Table 2. The LF and QUS-derived parameters are not independent; the LF slope is moderately
correlated to LF midband (R2 = 0.55), and ESD and EAC are strongly correlated (R2 = 0.98) with
a second-order polynomial fit. However, only a low correlation is observed between LF slope and
LF intercept (R2 = 0.31), and no correlation between LF midband and LF intercept (R2 = 0.03).

Results
LF-QUS Parameters Correlations
The correlations between LF and QUS-derived parameters obtained from mouse liver data are
presented in Figure 1, with the best linear or second-order polynomial fits. The correlation coefficients are summarized in Table 2. The LF slope is very well correlated to ESD (R2 = 1.00) and
EAC (R2 = 0.94) with second-order polynomial fits. The LF midband is moderately correlated to
ESD (R2 = 0.65) and EAC (R2 = 0.76) with linear fits. The LF intercept is not correlated to ESD
(R2 = 0.25) or EAC (R2 = 0.07).

Correlations between LF and QUS-Derived Parameters and Fat Percentage
The correlation between fat percentage and the LF and QUS-derived parameters for ex vivo
mouse livers is presented in Figure 3. The correlation coefficients for the best linear fits are summarized in Table 3. EAC presents a good correlation with fat percentage (R2 = 0.78), as well as
LF midband (R2 = 0.70). ESD and LF slope present a moderate correlation with fat percentage
(R2 = 0.62 and R2 = 0.61, respectively). The parameter LF intercept presents a lower correlation
with fat percentage than the other parameters (R2 = 0.49).

Discussion
This study focused on the theoretical and experimental correlations between LF (slope, intercept,
and midband) and QUS-derived (ESD and EAC) parameters, with experimental data from ex
vivo mouse livers.

Comparison of Experimental Correlations between LF and QUS Parameters with
the Theory
Our theoretical expressions for LF slope and intercept (Equations (17) and (18)) were in agreement with Lizzi et al.’s54 observations. Indeed, Lizzi et al.54 showed that ESD was the predominant factor for the estimation of LF slope and intercept; that EAC influenced LF intercept, but not

Muleki-Seya et al.
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Figure 1. Correlation of LF slope, intercept, and midband with ESD and EAC. In red are plotted the
best second-order polynomial or linear fits. The correlation coefficients against the null hypothesis
provided p values < 0.001. LF = Lizzi–Feleppa; ESD = effective scatterer diameter; EAC = effective
acoustic concentration.

LF slope; and that a large variation of EAC was necessary to change LF intercept. In our study,
the LF slope depends on ESD (Equation (17)) and LF intercept depends on (ESD / 2)6 and EAC
(Equation (18)).
As expected from the theory (Equations (17)-(19)), the LF slope was very well correlated to
ESD, and LF midband was correlated to ESD and EAC (Figure 1 and Table 2).
However, no correlation between LF intercept with ESD and EAC was apparent experimentally
(Figure 1 and Table 2). An unexpected correlation was observed between LF slope and EAC (Figure
1 and Table 2). This unexpected correlation may be explained by the very good correlation between
LF slope and ESD, and between ESD and EAC (Figure 2). ESD and EAC should not be correlated
according to their definitions. However, as ESD is needed to extract EAC (Equation (15)), their
errors are correlated, which may contribute to the correlation between ESD and EAC.
For the important fat monitoring application, LF midband and EAC may be the more appropriate of the LF-QUS-derived parameters as they present the better correlation with fat percentage for these ex vivo mouse liver data (Figure 3 and Table 3).

Effect of the Attenuation
In the general case, tissue attenuation has an effect on the BSC slope ( m1 in Equation (11)). For
the LF method, an error in the attenuation compensation would lead to an error in the estimation
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Figure 2. Correlation of LF slope, intercept, and midband among each other and correlation between
ESD and EAC. In red are plotted the best second-order polynomial or linear fits. The correlation
coefficients against the null hypothesis provided p values < 0.001. LF = Lizzi–Feleppa; ESD = effective
scatterer diameter; EAC = effective acoustic concentration.

of the LF slope and LF midband. For the QUS method, an error in the attenuation compensation
would lead to an error in the estimation of ESD and also EAC (because the value of ESD is used
to estimate EAC).
For most experimental cases, the attenuation compensation is estimated using the center
frequency and has an effect on the BSC intercept ( b1 in Equation (13)). For the LF method,
an error in the attenuation compensation in this case would lead to an error in the estimation
of the LF intercept and LF midband. For the QUS method, an error in the attenuation compensation would lead to an error in the estimation of EAC. This kind of error may explain
the lack of correlation observed between LF intercept with ESD and EAC (Figure 1 and
Table 2).
The use of an accurate attenuation technique may ensure a controlled experiment for this
LF-QUS-derived parameters correlation study for tissue-mimicking phantoms or ex vivo tissue.
When estimating the LF-QUS-derived parameters in in vivo tissue, additional errors may arise
from the presence of interposed tissue between skin and liver and motion artifacts from breathing
and/or vessel pulsing.

Conclusion
In this study, the relation between the LF (slope, intercept, and midband) and QUS-derived
parameters (ESD and EAC) was investigated theoretically and experimentally for ex vivo
mouse livers. As expected from the theory, LF slope is very well correlated to ESD, and LF
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Figure 3. LF slope, intercept, and midband, and QUS ESD and EAC as a function of fat percentage. In
red are plotted the best linear fits. The correlation coefficients against the null hypothesis provided p
values < 0.001. LF = Lizzi–Feleppa; QUS = quantitative ultrasound; ESD = effective scatterer diameter;
EAC = effective acoustic concentration.
Table 3. Correlation Coefficients of the LF and QUS-derived Parameters with Fat Percentage for Ex
Vivo Mouse Livers.
R2

ESD

EAC

LF Slope

LF Intercept

LF Midband

Fat percentage

0.62

0.78

0.61

0.49

0.70

LF = Lizzi–Feleppa; QUS = quantitative ultrasound; ESD = effective scatterer diameter; EAC = effective acoustic
concentration.

midband is correlated to ESD and EAC. However, no correlation was observed between the
LF intercept with ESD and EAC. An unexpected correlation was observed between LF slope
and EAC, likely resulting from the very high correlation between ESD and EAC due to the
inversion process.
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