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Abstract—The Nakagami parameter associated with the Nakagami distribution estimated from ultrasonic back-
scattered signals reflects the scatterer concentration in a tissue. A nonfocused transducer does not allow tissue
characterization based on the Nakagami parameter. This paper proposes a new method called the noise-assisted
Nakagami parameter based on empirical mode decomposition of noisy backscattered echoes to allow quantifica-
tion of the scatterer concentration based on data obtained using a nonfocused transducer. To explore the practical
feasibility of the proposed method, the current study performed experiments on phantoms and measurements on
rat livers in vitro with and without fibrosis induction. The results show that using a nonfocused transducer makes it
possible to use the noise-assisted Nakagami parameter to classify phantoms with different scatterer concentrations
and different stages of liver fibrosis in rats more accurately than when using techniques based on the echo intensity
and the conventional Nakagami parameter. However, the conventional Nakagami parameter and the noise-assisted
Nakagami parameter have different meanings: the former represents the statistics of signals backscattered from
unresolvable scatterers, whereas the latter is associated with stronger resolvable scatterers or local inhomogeneity
caused by scatterer aggregation. (E-mail: mechang@gate.sinica.edu.tw; mcho1215@ntu.edu.tw) � 2009 World
Federation for Ultrasound in Medicine & Biology.
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INTRODUCTION

Ultrasonic backscattered echoes may be treated as random

signals. The probability density function (pdf) of back-

scattered echoes can be modeled using appropriate statis-

tical distributions to characterize the related tissue. In

mathematics, a pdf is a function that represents a proba-

bility distribution using integrals. A Rayleigh distribution

was the first model used to describe the statistics of back-

scattered signals (Burckhardt 1978), where the pdf of the

backscattered envelope conforms to the Rayleigh distribu-

tion when the resolution cell of the transducer—which is

a volume of space that is determined by the pulse length
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and the horizontal and vertical beam widths of the trans-

mitted ultrasound—contains a large number of randomly

distributed scatterers. The scatterers in most biological

tissues have various possible arrangements, which has

led to the application of distributions such as the Rician

(Wagner et al. 1987), K (Weng et al. 1991), homodyned

K (Dutt and Greenleaf 1994) and generalized K (Shankar

1995) to encompass non-Rayleigh statistics of the back-

scattered envelope, classified into pre-Rayleigh, Rayleigh

and post-Rayleigh distributions (Wagner et al. 1987;

Shankar 2000).

The Nakagami distribution initially proposed to

describe radar echo statistics has subsequently been

applied to model the statistics of ultrasonic backscattering

(Hampshire et al. 1988; Zimmer et al. 1996; Shankar

2000; Wachowiak et al. 2002). It is a general model for

all scattering conditions encountered in medical

mailto:mechang@gate.sinica.edu.tw
mailto:mcho1215@ntu.edu.tw
mailto:mechang@gate.sinica.edu.tw
mailto:mcho1215@ntu.edu.tw


2056 Ultrasound in Medicine and Biology Volume 35, Number 12, 2009
ultrasound, including pre-Rayleigh, Rayleigh and post-

Rayleigh distributions. The Nakagami parameter of the

Nakagami distribution is particularly useful for differenti-

ating different scatterer concentrations in a medium

(Shankar 2000; Tsui and Wang 2004), and has been

used to quantify scatterer properties in real tissues,

including bone (Wang and Tsai 2001; Wang and Tsui

2004), skin (Raju and Srinivasan 2002), breast (Shankar

et al. 2001, 2003) and blood (Cloutier et al. 2004; Huang

and Wang 2007). There have been subsequent develop-

ments in the Nakagami model in two areas: (1) compound-

ing Nakagami models to improve the fit with envelope

statistics (Shankar 2003, 2004; Karmeshu and Agrawal

2006; Nadarajah 2007) and (2) the use of Nakagami-based

imaging techniques to visually characterize tissues (Tsui

and Chang 2007; Tsui et al. 2007, 2008a, 2008b).

Estimating the Nakagami parameter is notably

affected by the focusing of the ultrasonic transducer.

Using a focused transducer is useful for identifying

different scatterer concentrations (Tsui and Wang 2004)

because the focused transducer has a small resolution

cell, making the statistics of backscattered signals vary

with the scatterer concentration. Contrarily, a large resolu-

tion cell of the nonfocused transducer makes the numbers

of scatterers in the resolution cell for various scatterer

concentrations larger than 10, which leads to a nearly Ray-

leigh distribution for the statistics of different scatterer

concentrations (Oosterveld et al. 1985; Tuthill et al.

1988; Zagzebski et al. 1999).

Using a focused transducer to estimate the statistical

parameter also has drawbacks. First, the backscattered

echoes measured by a focused transducer can be degraded

by transducer focusing and beam diffraction, which

increases the downshift of the ultrasonic signals in the central

frequency region (Bevan and Sherar 2001) and produces

weak and noisy echoes in the far field of the transducer.

These factors not only affect statistical parameter estimation

but also limit the datalength acquired for analysis. Second, to

better understand the scattering properties of the medium, we

may need to simultaneously calculate the backscattering

coefficient for analyzing the backscattering cross section of

scatterers (Shung and Thieme 1993). However, using

a focused transducer could produce errors (Yuan and Shung

1986, Wang and Shung 1997), and hence an unfocused

transducer might be better than a nonfocused one for

increasing the spatial extent of the analysis and allowing

the correct calculation of the backscattering coefficient.

Recent findings show that the statistics of backscat-

tered signals measured by a nonfocused transducer vary

with the scatterer concentration after applying an adaptive

threshold filter to process ultrasonic radiofrequency (RF)

signals. The adaptive threshold filter developed by Tsui

et al. (2008c) is based on noise-assisted empirical mode

decomposition (EMD) (Huang et al. 1998), which is the
key part of the Hilbert-Huang transform (HHT) (Huang

et al. 1998, 1999). Its performance is the same as that of

the conventional thresholding technique based on

applying a cutoff value for rejecting small echoes, but

different in that it does not change the waveform features

of the preserved signals. Based on this point, the backscat-

tered RF echoes after adaptive threshold filtering may be

used to calculate the Nakagami parameter for quantifying

the corresponding statistical distribution and the scatterer

properties. We call this method the noise-assisted Naka-

gami parameter, which endows a nonfocused transducer

with the ability to characterize scatterers.

This paper describes phantom experiments carried

out to explore the practical feasibility of the method based

on the noise-assisted Nakagami parameter. In particular,

the current work involved performing measurements on

rat livers in vitro to evaluate the performance of the

proposed method in practice. The next section introduces

the theoretical background (including EMD), the adaptive

threshold filter and defines the noise-assisted Nakagami

parameter. Subsequent sections describe the experimental

materials and methods and present the results along with

a discussion of the meanings, advantages, and limitations

of the noise-assisted Nakagami parameter. The final

section provides concluding remarks.
THEORETICAL BACKGROUND

Empirical mode decomposition
EMD is the key component of the HHT proposed as

an adaptive time–frequency analysis method for nonlinear

and nonstationary data (Huang et al. 1998, 1999). EMD

was developed with the aim of meaningfully determining

the instantaneous frequency of a signal. Mathematically,

the instantaneous frequency of a signal may be defined

using the Hilbert transform. The Hilbert transform YðtÞ
of an arbitrary time series XðtÞ is given by

YðtÞ 5
1

p
PeN

2N

Xðt0Þ
t2t0

dt0: (1)

With this definition, XðtÞ and YðtÞ form a complex conju-

gate pair, and therefore the analytic signal ZðtÞ can be

defined as

ZðtÞ 5 XðtÞ1iYðtÞ5aðtÞeiqðtÞ; (2)

where

aðtÞ 5
�
X2ðtÞ1Y2ðtÞ

�1=2
(3)

and

qðtÞ 5 arctan

�
YðtÞ
XðtÞ

�
(4)
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The instantaneous frequency can then be defined as

uðtÞ5dqðtÞ
dt

: (5)

The definition in eqn (5) places some restrictions on

the input data. First, the instantaneous frequency has

a single value at any given time, and hence can only

describe monocomponent data. Because there is no precise

definition of a monocomponent, researches have consid-

ered only narrowband data to ensure that the instantaneous

frequency makes sense (Schwartz et al. 1966). Second, for

any function to have a meaningful instantaneous frequency,

the real part of its Fourier transform should only consist of

positive frequency components (Boashash 1992). Note that

this constitutes a global restriction of the Fourier transform.

There are some crucial restrictions of Fourier spectral anal-

ysis: the system must be linear, and the data must be strictly

periodic or stationary; otherwise, the resulting spectrum

will make little physical sense (Huang et al. 1998). This

restriction may not be useful for nonstationary data, and

most physical-world data are nonstationary. To determine

the instantaneous frequency of nonstationary data, it is

necessary to develop a modified version of the restriction

that can be applied locally (Huang et al. 1998).

To satisfy the previous restrictions, Huang et al.

(1998) defined a class of functions called intrinsic mode

functions (IMFs) that allow the instantaneous frequency

to be defined at any given time point. Actually, the IMF

is a single-component signal that fulfills the following

conditions: (1) the number of zero and extreme crossings

does not exceed one in the entire dataset, and (2) the mean

value of the up and down envelopes, which are defined

using local maxima and minima, respectively, is zero at

any time (this means that two envelope curves are

symmetrical relative to the time axis). Huang et al.

(1998) further developed the EMD method to decompose

a signal into a set of IMFs for calculating their instanta-

neous frequencies using the Hilbert transform. This is

the so-called HHT; that is, the Hilbert transform of

IMFs obtained by EMD for time–frequency analysis.

The EMD algorithm is explained next.

We first find the local maxima and minima of signal

xðtÞ and use cubic spline interpolation to obtain its up and

down envelopes. If the mean of these two envelopes is

d1ðtÞ, the difference between the signal and d1ðtÞ is the

first component,h1ðtÞ:

h1ðtÞ 5 xðtÞ2d1ðtÞ: (6)

This is called the sifting process. We have to judge

whether h1ðtÞ is an IMF. Ideally, if the cubic spline inter-

polation is perfect and there is no gentle hump on the signal

slope, h1ðtÞ should satisfy all IMF requirements. However,

in reality, imperfect fitting commonly produces overshoots
and undershoots that generate new extrema and shift or

exaggerate the existing ones. Even if the fitting is perfect,

humps may become local extrema after the first round of

sifting. The envelope mean may also differ from the true

local mean of the signal for nonstationary data, resulting

in an asymmetric waveform. Therefore, the sifting process

has to be repeated k times until h1kðtÞ is an IMF. h1ðtÞ is

treated as the original data in the second sifting process:

h1ðtÞ2d11ðtÞ 5 h11ðtÞ: (7)

The sifting process is repeated k times until we find

h1kðtÞ, which is an IMF:

h1ðk21ÞðtÞ2d1kðtÞ 5 h1kðtÞ: (8)

Then we define

c1ðtÞ 5 h1kðtÞ (9)

as the first IMF component (i.e., component C1) for the

data. Here we used the stopping criterion for the sifting

process proposed by Huang et al. (1998). This is accom-

plished by limiting the standard deviation (SD) computed

from the two consecutive sifting results as

SD 5
XT

t51

"
jh1ðk21ÞðtÞ2h1kðtÞj2

h1ðk21ÞðtÞ

#
(10)

The SD is typically set between 0.2 and 0.3. Overall,

C1 contains the finest and the shortest period component

of the signal. Subsequently, we can subtract c1ðtÞ from

the signal:

xðtÞ2c1ðtÞ 5 S1ðtÞ: (11)

Because residue S1ðtÞ still contains information

about components with longer periods, we treat it as the

new original data and apply the same sifting process as

described before. This procedure can be repeated for all

subsequent SjðtÞ values, yielding

S1ðtÞ2c2ðtÞ 5 S2ðtÞ; : : : ; Sn21ðtÞ2cnðtÞ 5 SnðtÞ:
(12)

Summing eqns (11) and (12) finally yields

xðtÞ 5
Xn

i51

ciðtÞ1SnðtÞ: (13)

This indicates that xðtÞ is decomposed by EMD into

n IMFs and a residue SnðtÞ, which is the signal trend with,

at most, one extremum or a constant.
Adaptive threshold filter
Compared with the conventional threshold technique

based on a specific threshold value, the adaptive threshold
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filter based on the noise-assisted EMD was proposed to

suppress the small echoes without any waveform defor-

mation of the preserved significant echoes (Tsui et al.

2008c). The algorithm is illustrated in Fig. 1 and summa-

rized as: (i) add artificial white noise to the ultrasonic RF

signals, (ii) apply EMD to the noisy backscattered RF

data, and (iii) take the C1 IMF component as the filtered

output. We explain the basis of the algorithm as follows.

White noise has a wide bandwidth (ideally an infinite

bandwidth) and hence is likely to contain fluctuations at

higher frequencies than those in the ultrasonic signal,

producing additional local extrema in the waveform of

the received backscattered RF signal. Adding an appro-

priate level of white noise to the backscattered RF data

will mean that the echoes themselves contribute to local

extrema for larger echoes, whereas those for small echoes

come from noise-induced fluctuations. Under this condi-

tion, the C1 component obtained from EMD of the noisy

backscattered RF signals shows larger echoes, whereas

the part corresponding to small signals is replaced by

a noise-scale baseline. The performance of the adaptive

threshold filter is fully described elsewhere (Tsui et al.

2008c).

Figure 2a shows a B-mode image of the carotid

artery. Figure 2b shows one scan line of the backscattered

signals corresponding to the position indicated by the

white dotted line in Fig. 2a. Small echoes between the

upper and lower vessel walls contaminate the image,

making it difficult to see fine details of these walls. To re-

move the small signals, we added white noise at different

levels so as to adjust the SNR from 25–15 dB and then

applied EMD to the noisy RF data to obtain the filtered

results, as shown in Fig. 2c–2e. It is evident from this

figure that decreasing the SNR (i.e., adding more noise)

gradually reduces the small signals associated with echoes

between the vessel walls. The figure also shows that the

adaptive threshold filter does not deform any of the impor-

tant waveform features, thereby preserving large echoes.

In contrast, the waveform characteristics are destroyed

by applying a conventional single threshold, as shown

in Fig. 2f.
Fig. 1. Flow chart for the algorithm of the adaptive threshold fi
adding white noise to the signal in (a); (c) EMD of the noisy RF

Refer to eqn (9) for the mean
Noise-assisted Nakagami parameter
The pdf of backscattered envelope R under the

Nakagami statistical model is given by

f ðrÞ 5
2mmr2m21

GðmÞUm exp
�

2
m

U
r2
�

UðrÞ; (14)

where G(.) and U(.) are the gamma function and the unit

step function, respectively. Let E(.) denote the statistical

mean; then scaling parameter U and Nakagami parameter

m associated with the Nakagami distribution can be

respectively obtained from

U 5 E
�
R2
	

(15)

and

m 5
½EðR2Þ�2

E½R22EðR2Þ�2
: (16)

Nakagami parameter m represents a shape parameter

determined by the pdf of the backscattered envelope. As m
varies from 0 to 1, the envelope statistics change from

a pre-Rayleigh to a Rayleigh distribution, and the statistics

of the backscattered signal conform to post-Rayleigh

distributions if m is larger than 1, as shown in Fig. 3.

Note that using eqn (16) to estimate the Nakagami

parameter has a prerequisite: the ultrasonic data used

must conform to the Nakagami distribution. This prereq-

uisite ensures that the Nakagami parameter estimated

from ultrasonic data describes the statistical distribution

of the envelope signal. Previous studies have shown that

both the raw backscattered signals and the bandpass-

filtered echoes conform to the Nakagami distribution

(Shankar 2000; Dumane and Shankar 2001). Considering

that the EMD is a process of bandpass filtering (Flandrin

et al. 2004), the IMFs are essentially the bandpass data

of backscattered echoes, representing that the IMFs

conform to the Nakagami distribution. Moreover, it has

been shown that the adaptive threshold filter based on

EMD does not change the important waveform features

of the preserved backscattered echoes (Tsui et al.
lter: (a) an RF signal; (b) the noisy RF signal obtained by
signal; and (d) taking component C1 as the filtered signal.
ing of component C1.



Fig. 2. An example of adaptive threshold filtering: (a) B-mode image of the carotid artery; (b) a typical backscattered RF
signal corresponding to the position indicated by the white dotted line in the carotid B-mode image; (c–e) the backscattered
RF signals after adaptive threshold filtering by adjusting the SNR to be 25, 20 and 15 dB, respectively; and (f) the RF signal

after the conventional thresholding process (threshold value55).
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2008c). These factors indicate that the statistics of the

backscattered RF echoes can be quantified directly after

adaptive threshold filtering by estimating the so-called

noise-assisted Nakagami parameter as

mC1 5
½EðRC1Þ�2

E½RC12EðRC1Þ�2
; (17)

where RC1 represents the envelope of the ultrasonic signal

after adaptive threshold filtering (i.e., the C1 component

signal obtained from EMD of the noisy RF signals). The

next section describes phantom experiments and liver

measurements obtained in vitro aimed at determining

the practical feasibility of the proposed method.
EXPERIMENTS

Phantom experiments
The phantoms mimicking soft tissues with different

concentrations of scatterers were made by adding different

weights of glass beads (Model 59200U, Supelco, Belle-

fonte, PA, USA) with an average diameter of 75 mm

into agar produced by dissolving 0.75 g of agar powder

in 100 mL of water. The scatterer concentration (SC; in

units of number of scatterers per cubic millimeter) in the

phantom was

SC 5
M

4
3
p rg,r,V

; (18)



Fig. 3. Nakagami distributions for different values of the Nakagami
parameter (Reproduced with permission from IOP Publishing,

Tsui et al., 2008b).
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where M, rg and r correspond to the mass, radius and

density of the glass beads, and V denotes the volume of

the agar phantom. We produced phantoms with scatterer

concentrations of 2, 4, 8, 16 and 32 scatterers/mm3 for

experimental measurements.

A single-crystal ultrasound imaging system was con-

structed for scanning the phantom to acquire the ultrasonic

backscattered signals associated with different scatterer

concentrations. The system comprised a mechanical scan-

ning assembly, a single-element transducer, a pulser/

receiver and a data acquisition card, as shown in Fig. 4

and explained later. The transducer was mechanically

scanned using a high-resolution motion stage driven by

a piezoelectric motor (Model HR8, Nanomotion, Yokneam,

Israel). Using a piezoelectric motor reduced the noise level,

which improved the quality of received ultrasonic echoes.

The transducer was driven by a pulser/receiver (Model

5072PR, Panametrics-NDT, Waltham, MA, USA) for

transmitting and receiving ultrasonic signals. The received

RF echoes backscattered from the phantom were amplified

with the built-in 59-dB amplifier in the pulse/receiver and

then digitized by an analog-to-digital converter (Model

PXI-5152, National Instruments, Austin, TX, USA) for

data storage and offline analysis in a personal computer.

A 5-MHz cylindrically nonfocused transducer with

a diameter of 13 mm was used (Model A309R, Panamet-

rics-NDT). Before the experiments, the acoustic character-

istics of the transducer were measured using a hydrophone

(Model HNP-0400, ONDA, Sunnyvale, CA) mounted on

a positioner controlled by a 3-D stepping motor. The

natural focal length was 14 cm. The –3 dB beamwidth

and pulse length at the natural focal zone were 3.6 mm

and 0.85 mm, respectively. On the other hand, the pulse-

echo substitution method was used to measure attenuation

coefficients of the phantoms. The attenuation coefficients

for the scatterer concentrations of 2, 4, 8, 16 and 32
scatterers/mm3 were 0.012, 0.019, 0.025, 0.037 and

0.069 nepers/cm at 5 MHz, respectively. We then placed

the transducer and a phantom on the holder in a bath con-

taining distilled water at a temperature of about 25 �C. The

distance between the transducer and the phantom was 2

cm, corresponding to the near field. For each phantom,

we acquired 50 A-lines of backscattered RF signals at

a sampling rate of 50 MHz. Each backscattered signal cor-

responded to a spatial-analysis length of about 7 mm. The

noise-assisted Nakagami parameter was accurately esti-

mated using attenuation coefficients of the phantoms to

correct for signal attenuation. In principle, the noise-assis-

ted Nakagami parameter may be smaller before attenuation

correction than after attenuation correction because the

decrease in the signal amplitude tends to make the statistics

of the extracted backscattered signals based on the C1

signal closer to a pre-Rayleigh distribution. Subsequently,

we added artificial white noise to the backscattered RF

echoes to adjust the SNR from 40–25 dB using the

‘‘awgn’’ (add white Gaussian noise to a signal) function

in MATLAB software (The MathWorks, Natick, MA,

USA). The envelopes of the noisy backscattered RF

signals were used to calculate the relative echo intensity

and the noise-assisted Nakagami parameter as functions

of scatterer concentration. The relative echo intensity

was calculated based on the scaling parameter of the Naka-

gami distribution described by eqn (15).

Tissue measurements in vitro
Four male 7-week-old Wistar rats weighing between

210 and 230 g were used. The Institutional Animal Care

and Use Committee in Taiwan University Hospital

approved the use of the rats in this study. The rats were

bred and maintained in an air-conditioned animal house

with food and water. Liver fibrosis was induced in each

rat by an intraperitoneal injection of 0.5% dimethylnitrosa-

mine (DMN) at 2mL/kg of body weight for three consecu-

tive days each week (George et al. 2001). To induce

different degrees of liver fibrosis in the rats, DMN injec-

tions were applied to the rats for different numbers of

weeks, as illustrated in Fig. 5: rat 1 was the normal case,

and rats 2, 3 and 4 received DMN injections for 3, 5 and

6 weeks, respectively. Each rat was sacrificed after a rest

period of 2 weeks and the liver was excised. Ultrasound

scanning was applied to the left lateral lobe of the liver.

The left lobe had a thickness between 1 and 1.5 cm, and

a length and width of between 2 and 4 cm. The experi-

mental setup and procedure used to measure liver speci-

mens was the same as that for the phantom experiments.

For each liver specimen, 50 A-lines of backscattered

signals were acquired from the same 5-MHz nonfocused

transducer using the same system at a sampling rate of

50 MHz. Each backscattered signal also corresponded to

a spatial-analysis length of 7 mm. Five independent

Joseph George
Rectangle



Fig. 4. Imaging system setup for measurements on phantoms and liver specimens.
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measurements were made to allow calculation of the mean

and SD values of the echo intensity, Nakagami parameter

m and noise-assisted Nakagami parameter mC1.

The attenuation correction was ignored in the

measurements of liver fibrosis in vitro because different

stages of liver fibrosis may exhibit different attenuations,

which implies that backscattered signals with different

attenuations need different SNR adjustments for estimating

the noise-assisted Nakagami parameter. This may be over-

come by choosing the appropriate SNR for specimens with

different attenuations based on knowledge of the relation-

ship between the attenuation coefficient and the SNR.

Nevertheless, such guidance may be difficult to follow in
vivo and in clinical conditions, because real tissues with

complex structural compositions increase the difficulty of

estimating attenuation information. Consequently, this

investigation purposely did not compensate for attenuation

in the liver measurements to evaluate whether the attenua-

tion effect markedly affects the performance of the noise-

assisted Nakagami parameter.

To score the level of liver fibrosis for each rat, the

liver specimen was fixed in 10% neutral-buffered
Fig. 5. Schedule of DMN i
formalin, embedded in paraffin, and sliced into 4-mm-

thick sections for histological analysis with the hematox-

ylin and eosin (H&E) staining method. The tissue sections

for histological examinations were 10–15 mm in diameter.

The insonified regions did not necessarily correspond to

those examined histologically. To avoid sampling errors,

we prepared five histological sections from different areas

for each liver specimen. The Metavir score, which quan-

tifies the degree of liver fibrosis, was determined by an

experienced pathologist who was blinded to the treatment

protocol. The pathologist identified homogenously

distributed fibrosis induced throughout the liver paren-

chyma, and the extent of liver fibrosis was found to be

proportional to the duration of the DMN injection.
RESULTS AND DISCUSSION

Phantom experiments
Figure 6a shows the ultrasonic backscattered signals

after adaptive threshold filtering (the C1 component signal

from EMD of the noisy backscattered RF data) for scat-

terer concentrations ranging from 2–16 scatterers/mm3
njections for each rat.



Fig. 6. (a) Filtered signals (component C1) for scatterer concentrations from 2–16 scatterers/mm3 (from top to bottom); (b) the
relative echo intensity as a function of scatterer concentration for backscattered RF data and the C1 signal; and (c) the noise-
assisted Nakagami parameter as a function of scatterer concentration. The SNR for adaptive threshold filtering was 40 dB.
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when the SNR was adjusted to 40 dB. Figure 6b and 6c

show the relative echo intensity and the noise-assisted

Nakagami parameter as functions of scatterer concentra-

tions ranging from 2–32 scatterers/mm3, respectively.

The echo intensity of the backscattered RF data increased

from about 9–11 as the scatterer concentration increased

because of a larger number of scatterers producing

a stronger backscattering signal. On the other hand, the

noise-assisted Nakagami parameter varied between 1.1

and 1.25 over the same range of scatterer concentrations.

This trend is similar to the previous result for the Naka-

gami parameter as a function of scatterer concentration

measured by a nonfocused transducer (Tsui and Wang

2004). That study used raw backscattered echoes to esti-

mate the Nakagami parameter, whereas the present study

used C1-based backscattered signals to estimate the noise-

assisted Nakagami parameter. Thus, the Nakagami and
noise-assisted Nakagami parameters may have different

physical meanings. The reason why the Nakagami param-

eter is close to the noise-assisted Nakagami parameter is

that artificial noise exerts only a small effect on the RF

signals for an SNR of 40 dB. Therefore, the C1-based

backscattered signals after adaptive threshold filtering

are approximately equivalent to the original backscattered

RF echoes before filtering, approximately corresponding

to a Rayleigh distribution for different scatterer concentra-

tions. This is also the reason why the echo intensity as

a function of scatterer concentration for the C1 signal

agrees well with that for the original ultrasonic RF data

(Fig. 6b).

Figure 7a shows the C1-based backscattered signals

after adaptive threshold filtering for scatterer concentra-

tions ranging from 2–16 scatterers/mm3 when the SNR

was adjusted to 30 dB (i.e., with the artificial noise having



Fig. 7. (a) Filtered signals (component C1) for different scatterer concentrations from 2–16 scatterers/mm3 (from top to
bottom); (b) the relative echo intensity as a function of scatterer concentration for backscattered RF data and the C1 signal;
and (c) the noise-assisted Nakagami parameter as a function of scatterer concentration. The SNR for adaptive threshold

filtering was 30 dB.
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a larger effect on the RF signals than when the SNR was

40 dB). Figure 7b and 7c show the relative echo intensity

and the noise-assisted Nakagami parameter as functions of

scatterer concentration, respectively. Comparing Figs. 6a

and 7a indicates that decreasing the SNR just showed

larger backscattered echoes in the output of adaptive

threshold filtering (C1 signal), and the parts of signal cor-

responding to smaller echoes were replaced by a noise-

scale baseline. In this condition, the echo intensity corre-

sponding to each scatterer concentration for the C1 signal

accordingly decreased compared with that for the RF data,

as shown in Fig. 7b. Meanwhile, the noise-assisted Naka-

gami parameter increased from 0.5–1.2, as shown in

Fig. 7c, indicating that the statistics of the backscattered

signal after adaptive threshold filtering changes from

a pre-Rayleigh to approximately a Rayleigh distribution

as the scatterer concentration increases. This finding
implies that using the adaptive threshold filter to reject

smaller echoes results in the statistics of the backscattered

signal measured by a nonfocused transducer varying with

the scatterer concentration.

To confirm this finding, we further adjusted the SNR

to 25 dB for stronger adaptive threshold filtering; the

results are shown in Fig. 8. In this case, the artificial noise

had a much stronger effect on the ultrasonic RF signals,

and therefore it could be expected that smaller signals

would be rejected by the adaptive threshold filter. Indeed,

compared with the results in Fig. 7a, the C1 signals in

Fig. 8a indicate the presence of significant echoes. This

effect resulted in the C1 signal intensity decreasing for

different scatterer concentrations, as shown in Fig. 8b.

Moreover, it is interesting that the noise-assisted Naka-

gami parameter increased from 0.2–1 as the scatterer

concentration increased from 2–32 scatterers/mm3, as



Fig. 8. (a) Filtered signals (component C1) for different scatterer concentrations from 2–16 scatterers/mm3 (from top to
bottom); (b) the relative echo intensity as a function of scatterer concentration for backscattered RF data and the C1 signal;
and (c) the noise-assisted Nakagami parameter as a function of scatterer concentration. The SNR for adaptive threshold

filtering was 25 dB.
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shown in Fig. 8c. This result not only agrees well with that

in Fig. 7c but also shows that the noise-assisted Nakagami

parameter based on a nonfocused transducer is able to

distinguish between different scatterer concentrations.

To explain why the noise-assisted Nakagami param-

eter based on a nonfocused transducer has the ability to

detect variation in the scatterer concentration, consider

a homogeneous medium composed of scatterers with

close echogenicities, in which the backscattering intensity

is typically proportional to the scatterer concentration if

the effects of multiple scattering are weak. If the level of

artificial noise added to the RF data is appropriate, the

noise-induced fluctuations will have a larger impact on

the RF signals, with smaller amplitudes for low scatterer

concentrations and a lesser influence on those with larger

amplitudes for high scatterer concentrations. Thus, the

adaptive threshold filter will filter out more backscattered
echoes for lower scatterer concentrations, causing the

statistics of the backscattered signal to change from a Ray-

leigh to a pre-Rayleigh distribution, but it will preserve

most backscattered echoes for high scatterer concentration

mediums, corresponding to Rayleigh statistics.

The above theoretical explanation indicates that the

noise-assisted Nakagami parameter depends on the echo

intensity. However, the results from our phantom experi-

ments indicate that the noise-assisted Nakagami parameter

can still be useful. First, the adaptive threshold filter re-

moves many low-level data in the backscattered signals.

Therefore, the noise-assisted Nakagami parameter esti-

mated using the C1 signal is likely to reflect quantitative

information associated with stronger resolvable scatterers

or local inhomogeneities. This is possible because there

would be more locally post-Rayleigh distributed regions

if the homogeneous phantom contains a higher



Fig. 9. H&E-stained rat liver sections of rats with different stages of liver fibrosis (1003 magnification). Black arrows
indicate connective fibrous tissues extending out from the portal areas.
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concentration of randomly distributed scatterers (Tsui

et al. 2008a). A high scatterer concentration readily results

in local nonuniform spatial distributions of phantom scat-

terers that behave like local clusters or scatterer aggrega-

tions. This is why the noise-assisted Nakagami

parameter increases with the scatterer concentration, as

shown by Fig. 8c. Second, using a nonfocused transducer

to measure backscattering echo intensities for the same

target produces a large SD (Figs. 6b, 7b and 8b). A similar

phenomenon was observed in previous studies using
Fig. 10. Relative echo intensities for rats with different stages of
liver fibrosis.
a nonfocused transducer to measure backscattering inten-

sities in biological tissues (Wang and Shung 1998; Wang

and Tsai 2001; Wang and Tsui 2004). However, the find-

ings show that the measurement error is much smaller for

the noise-assisted Nakagami parameter (Figs. 6c, 7c and

8c), possible reasons for which are as follows. The focal

length of a nonfocused transducer used in medical

imaging is determined by D2=4l, where D is the trans-

ducer diameter and l is the wavelength. Therefore, the

nonfocused transducer typically has a long focal length

so that scatterers being imaged are in the near field of

the radiation pattern where the field is not uniform and

hence are subject to a strong variation in the magnitude

of the axial pressure (Christensen 1988). Assuming that

the scatterers have similar echogenicities, the near-field

characteristics may dominantly produce a large SD in

echo intensity measurements when using a nonfocused

transducer. In contrast, the noise-assisted Nakagami

parameter is basically determined by waveforms of the

backscattered RF signals after adaptive threshold filtering,

thereby reducing the dependency of the noise-assisted

Nakagami parameter on the signal amplitude and the

irregular radiation pattern of the near field for the nonfo-

cused transducer.

It is interesting to consider how the results might

change if the backscattered data are acquired in the close

part of the far field. The variation in sound pressure along

the axial profile and also the beamwidth are smaller in the



Fig. 11. Nakagami parameter for rats with different stages of
liver fibrosis.
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far field than in the near field. Therefore, acquiring data in

the far field may reduce the SD when measuring echo

intensity and therefore improve the performance of the

noise-assisted Nakagami parameter in detecting variations

in scatterer concentrations.
Tissue measurements
Figure 9 shows the H&E-stained rat liver sections. It

was found that the amount of connective fibrous tissues

(indicated by black arrows in the figure) extending out

from the portal areas increased with the duration of

DMN injection, demonstrating the successful induction

of fibrosis. The fibrosis Metavir scores of rats 1–4, as iden-

tified by a pathologist, were normal, 0 (very weak

fibrosis), 1 and 3, respectively. Figure 10 shows the results

of the relative echo intensity for the excised liver speci-
Fig. 12. Noise-assisted Nakagami parameter for rats with
different stages of liver fibrosis.
mens of different rats. The relative echo intensity

increased from 0.15–1.1 as the duration of DMN injection

(and hence the degree of liver fibrosis) increased. Gener-

ally speaking, the echo intensity is the most convenient

index for assessing fibrosis formation (Lu et al. 1999)

because the formation of fibrotic structures increases the

echogenicities of scatterers in the liver (Meziri et al.

2005). However, several previous studies have indicated

that the echo intensity may not be a reliable indicator

and may have inadequate reproducibility in the grading

and staging of liver fibrosis (Lu et al. 1999; Guimond

et al. 2007). The results in Fig. 10 also agree well with

those in Figs. 6b, 7b and 8b, indicating that using a nonfo-

cused transducer to measure the echo intensity may

produce a large SD such that different stages of liver

fibrosis are difficult to meaningfully classify based on

comparing probability values obtained from t-tests

between rats (p.0.05).

Figure 11 shows the Nakagami parameter for

different stages of liver fibrosis in our rats. Because we

used a nonfocused transducer, the Nakagami parameter

for different liver specimens was around 1, corresponding

to the statistics of the backscattered envelope signals

approximately conforming to a Rayleigh distribution.

The probability values between each rat were also larger

than 0.05, indicating that the Nakagami parameter

estimated by a nonfocused transducer cannot be used to

characterize scatterers in the liver.

Figure 12 shows the noise-assisted Nakagami param-

eter for different stages of liver fibrosis. According to the

findings in phantom experiments, in this example the SNR

was adjusted to 25 dB for adaptive threshold filtering.

Note that the noise-assisted Nakagami parameter

increased from about 0.2–1 as the fibrosis score increased,

representing that the statistical distribution of the C1

component obtained by EMD of the noisy RF signals

changed from a pre-Rayleigh to a Rayleigh distribution.

Based on the results of our phantom experiments, the

increase in the noise-assisted Nakagami parameter may

represent an increase in the relative degree of local inho-

mogeneity due to scatterer aggregation. This is possible

because fibrosis formation alters scatterer spacing and

inhomogeneity in the liver (Suzuki et al. 1993; Meziri

et al. 2005). Moreover, it was found that the variance of

the noise-assisted Nakagami parameter was smaller within

each rat liver, yielding probability values between each rat

of less than 0.01. This means that classifying different

stages of liver fibrosis is superior when using the noise-

assisted Nakagami parameter than when using the echo

intensity and the Nakagami parameter, thereby improving

the performance of tissue characterization by a nonfocused

transducer.

The results obtained from the phantom experiments

and liver measurements have demonstrated the practical
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feasibility of the method based on the noise-assisted

Nakagami parameter. However, it is necessary to discuss

some considerations and limitations for practical applica-

tions of the noise-assisted Nakagami parameter based on

a nonfocused transducer. First, we did not apply attenua-

tion compensation in our liver measurements. However,

the results showed that the noise-assisted Nakagami

parameter without attenuation correction can still be

used to classify different stages of liver fibrosis in rats.

This suggests that the attenuation effect does not markedly

influence the use of the noise-assisted Nakagami param-

eter in liver characterization. Second, different systems

have different types of noise effects to RF data received

from the same measured target. Also, different tissues

exhibit different pathological and structural changes.

Thus, the SNR adjustment used for adaptive threshold

filtering may need to be redetermined or corrected for

different types of system and examined tissue. Third, the

noise-assisted Nakagami parameter may not work when

the amplitude of the intrinsic noise is comparable with

or stronger than that of the measured data, since this condi-

tion reduces the quality of the received backscattered RF

data, making the filter output based on component C1 of

EMD a noise-based signal (Tsui et al. 2008c). Fourth,

the sampling rate affects the result of EMD (Rilling and

Flandrin 2006, 2009). The bandwidth of artificial noise

used for adaptive threshold filtering also depends on the

sampling rate, because the Nyquist theorem dictates that

the maximum frequency of the artificial noise must be

less than half the sampling rate. As a result, estimating

the noise-assisted Nakagami parameter is dependent on

the sampling rate. The present study has shown that

a sampling rate of 10 times the central frequency of RF

signals allows successful tissue characterization based

on the noise-assisted Nakagami parameter.
CONCLUSION

This study proposes a new method for tissue charac-

terization by a nonfocused transducer based on the noise-

assisted Nakagami parameter estimated from the first

IMF component (i.e., component C1) obtained from

EMD of noisy backscattered RF signals (i.e., an adaptive

threshold filtering process). To explore the feasibility of

the proposed method, experiments were performed on

phantoms with different scatterer concentrations and in vi-
tro measurements were made on rat livers with and without

induced fibrosis. From the results we can draw the

following conclusions: (1) The conventional Nakagami

parameter cannot be used to distinguish different scatterer

properties with a nonfocused transducer; (2) the noise-as-

sisted Nakagami parameter based on a nonfocused

transducer performed well in classifying phantoms with

different scatterer concentrations; (3) the measurements
on rat livers at various stages of fibrosis demonstrated

that the method based on the noise-assisted Nakagami

parameter has feasible practicality; (4) using the noise-as-

sisted Nakagami parameter can avoid generating a large

measurement error when using a nonfocused transducer

to measure the echo intensity or the conventional Nakagami

parameter for characterizing tissues; and (5) the meanings

of the conventional Nakagami parameter and the noise-as-

sisted Nakagami parameter differ with the characteristics of

the adaptive threshold filter. The Nakagami parameter

represents the statistics of the signal backscattered from

unresolvable scatterers, whereas the noise-assisted Naka-

gami parameter is associated with stronger resolvable scat-

terers or local inhomogeneities caused by scatterer

aggregation that are useful for evaluating pathological

stages in a tissue (e.g., liver fibrosis).
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