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Abstract— The goal of this study was to develop an
ultrasound (US) scatterer spacing estimation method using
an enhanced cepstral analysis based on continuous wavelet
transforms (CWTs). Simulations of backscattering media
containing periodic and quasi-periodic scatterers were car-
ried out to test the developed algorithm. Experimental data
from HT-29 pellets and in vivo PC3 tumors were then used to
estimate the mean scatterer spacing. For simulated media
containing quasi-periodic scatterers at 1-mm and 100-µm
spacing with 5% positional variation, the developed algo-
rithm yielded a spacing estimation error of ∼1% for 25- and
55-MHz US pulses. The mean scatterer spacing of HT-29 cell
pellets (31.97 µm) was within 3% of the spacing obtained
from histology and agreed with the predicted spacing from
simulations based on the same pellets for both frequencies.
The agreement extended to in vivo PC3 tumors estimation
of the spacing with a variance of 1.68% between the spac-
ing derived from the tumor histology and the application
of the CWT to the experimental results. The developed
technique outperformed the traditional cepstral methods
as it can detect nonprominent peaks from quasi-random
scatterer configurations. This work can be potentially used
to detect morphological tissue changes during normal
development or disease treatment.

Index Terms— Cepstral analysis, continuous wavelet
transform (CWT), HT-29 pellets, mean scatterer spacing,
quantitative ultrasound (QUS), ultrasound (US).

I. INTRODUCTION

THE backscattered ultrasound (US) signals encode
information on scatterer structure with applications in

diagnosis of different conditions affecting soft tissues [1],
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imaging of blood flow [2], and the detection of pathophys-
iological insults that alter normal tissue structure. This is
the premise behind the quantitative US (QUS) [3], which
can probe structural tissue changes during therapies such as
microbubble-enhanced radiation [4] with the goal of clinically
characterizing tumor response to chemoradiotherapy [5], [6].

Many QUS parameters, such as the spectral slope and
average scatterer diameter, have been employed for tissue
characterization [7]. In addition, the mean scatterer spacing,
estimated using spectral autocorrelation [8] or cepstral analysis
[9] approaches, can differentiate normal from cirrhotic livers
[10] and assess microwave-induced thermal lesions [11].

A cepstrum is a useful tool for the detection of periodic
structures since it is sensitive to recurrent patterns in the
signal [12]. It was originally developed for the detection and
characterization of seismic echoes [13] and the determina-
tion of the fundamental frequency of human speech [14].
In biomedical applications, cepstral analysis can characterize
chronic liver disease [15]. The estimation of scatterer spacing
using the cepstral analysis is based on the identification of
the dominant peak(s) in the cepstrum. The accuracy of this
estimation is directly related to peak detectability [9], which
remains a major limitation of cepstral analysis due to masking
of the dominant peak by other (periodic and nonperiodic)
components of the signal. We propose the use of wavelet
transformations for estimating the scatterer spacing by the
sensitive detection of the periodicity of the cepstral harmonics.

Wavelets are used for periodicity detection [16] and denois-
ing of electrocardiogram signals with minimal loss and feature
distortion [17]. A widely used wavelet transform is the discrete
wavelet transform (DWT) [18]. For the purposes of cepstral
analysis, the continuous wavelet transform (CWT) has a wider
set of mother wavelets available, provides finer resolution [19],
and is time-invariant, which prevents temporal peak translation
in the US cepstrum. In addition, the CWT can be applied at
any scale directly, without the iterations required by the DWT
[20]. In US imaging, the CWT has been previously applied for
the segmentation of liver tumors [21] and the differentiation
of breast malignancies [22].

In this work, we introduce a new, CWT-based technique
for estimating mean scatterer spacing through the detection
of periodicities in the signal cepstrum. Numerical simulations
were conducted for different scatterer spacings using US
signals generated at the frequencies of 25 and 55 MHz.
For each simulation, periodic and quasi-periodic scatterers,
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Fig. 1. Diagram showing the steps used to obtain the scatterer spacing
estimate using the CWT.

with 1% and 5% variation of the scatterers’ position, were
modeled. The developed technique was applied to the esti-
mation of the mean scatterer spacing from images of in vitro
HT-29 pellets and in vivo PC3 tumors.

II. MATERIALS AND METHODS

The steps used to obtain the scatterer spacing estimate are
shown in Fig. 1. Starting with the selection of the region
of interest (ROI), the cepstral analysis is applied to the
extracted radio frequency (RF) lines. All cepstra are then
averaged, and the CWT is applied to the average cepstrum
(step 4). The resulting 2-D color image is then converted
to binary, where peaks are detected. The spacing between
every two consecutive peaks is then computed, as detailed in
Section II-E.

A. Cepstral Analysis

The power cepstrum of a temporal signal is defined as

Cp(n) = I−1Log(|I{x(n)}|2)} (1)

where I is the Fourier transform, I−1 is the inverse Fourier
transform, and x(n) is the signal for which the cepstrum
is applied. The logarithm is performed on a real quantity,
the magnitude of Fourier transform, discarding the phase
information. The periodicity of the cepstrum is described by
the temporal location of the dominant peak or fundamental
peak which occurs at the time

t = 2d

c
(2)

where d is the spatial location of the peak and c is the speed
of sound. Periodicity is also manifested by peaks recurring at
integer multiples of the dominant peak [23].

B. Continuous Wavelet Transform

The wavelet transform decomposes a signal into a set of
basis functions called wavelets. They arise from the translation
and scaling of a single prototype wavelet called the mother
wavelet. These wavelets, called kernel functions, ϕu,s(t) are
written as

ϕu,s(t) = 1√
s
ϕ

(
t − u

s

)
(3)

where s is the scale of the wavelet, u is the time, φ is the
mother wavelet, and 1/

√
s is the energy normalization factor

at each scale. The wavelet transform is normalized so that it
would have unit energy at each scale, thus allowing for direct
comparisons to another scale and to the transforms of other
signals [24].

A single scale represents a frequency range and is inversely
proportional to the time support (interval of time where
the wavelet is located) of the dilated wavelet. Consequently,
the higher the value of the scale, the more stretched the
mother wavelet is, representing the low-frequency components
of the signal. Conversely, lower scales correspond to the
contracted version of the mother wavelet permitting analysis
of high-frequency components of the signal [25]. In other
words, the wavelet focuses on fine details of the signal and
then expands to reveal larger components. Thus, it is well
adapted for localizing frequency and time since it represents
the signal’s information at different levels of resolution.

The CWT of an arbitrary function f (t) (representing the
cepstrum of the signal) at the scale s and position u is
computed by calculating the inner product between f (t) and
the kernel functions ϕu,s(t) calculated in (3) [26]

W (u, s) = 1√
s

∫ +∞

−∞
f (t)ϕ∗

(
t − u

s

)
dt . (4)

The corresponding wavelet coefficients are a measure of
similarity between the signal and the translated and scaled
versions of the mother wavelet. The higher the resemblance,
the larger the corresponding wavelet coefficient.

C. Optimal Wavelet Selection

Since wavelet coefficients represent the measure of simi-
larity between the signal and basis functions, a wavelet that
has a similar shape to that of the signal must be used [27].
The optimal wavelet is found when the cross correlation γ
between the signal of interest (the cepstrum) and the wavelet
is maximal

γ =
∑

(C − C̄)(W − W̄ )√∑
(C − C̄)

2 ∑
(W − W̄ )

2
(5)

where C represents the signal of interest (the cepstrum),
W represents the wavelet data set, and C̄ and W̄ are the
mean values of data sets C and W , respectively [28]. The
correlation coefficient was computed between the averaged
power cepstrum and the following wavelets: Coiflet with one
and two vanishing moments, Mexican Hat, Meyer, and Symlet
with eight vanishing moments, Morlet and Discrete Meyer.
The translation and scaling parameters were optimized based
on the Nyquist limit to achieve sufficient temporal resolution.

D. Choice of Scale

Wavelet scales were chosen such that the wavelet itself has
compact support (i.e. a finite, nonzero length to capture short
time events) while omitting high-frequency components not
relevant to cepstral peak detection [27]. The best range of
scales is found based on the sampling frequency of the signal

s = Fc

Fa × �t
(6)
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where Fc is the central frequency of the mother wavelet, Fa

is the frequency at which the signal is studied, and �t is
the signals’ sampling period [29]. Only frequencies in the
10-dB bandwidth of the signal’s spectrum were considered in
order to only focus on peaks arising from regularly positioned
scatterers [23].

E. Peak Detection

The mean scatterer spacing was computed from the average
distance of the adjacent vertical lines in the CWT image
[see Fig. 1 (step 4)]. The 2-D CWT image representing the
cepstrum at every scale is a colored image with the color
denoting the amplitude of the wavelet coefficients. To extract
the location of each peak, the image was converted to binary
where only periodic peaks were preserved and other compo-
nents discarded. The conversion was achieved using a basic
global thresholding iterative technique that was robust to noise
and did not require specific knowledge of the image [30]. The
algorithm began by choosing a random initial threshold that
partitioned the image into two groups of pixels: higher and
lower gray level values than the threshold. Next, the average
pixel value for each set was computed and a new threshold
value was given by

T = 1

2
(M1 + M2) (7)

where M1 and M2 are the mean values for the two sets.
This new threshold was used to repartition the image, and
a new threshold value using (7) was obtained. This procedure
was repeated until the convergence of T was reached [31].
Once the appropriate threshold was found, cepstral and har-
monic peaks were conserved in the binary image as vertical
stripes. Nonperiodic components preserved after threshold-
ing (incomplete white stripes) were omitted from the peak
detection.

The spatiotemporal peaks were drawn across all wavelet
scales by selecting the largest amplitude pixel at every scale
of the colored CWT image and connecting them in the vertical
direction using a high-level polynomial fit [32], as shown in
step 6 of Fig. 1. The scatterer spacing was calculated as the
average distance between each of two consecutive lines. In this
technique, the ROI selection is the only subjective human
input.

F. Numerical Simulations of Scattering Media

The performance of the aforementioned technique
was tested by simulating backscattered RF signals [33].
Fig. 2 shows a scattering medium consisting of diffuse/random
and periodic scatterers, where the wave propagation is along
the vertical direction (red arrow). The random scatterers were
positioned in the medium using a Poisson distribution, with
a rate parameter λ, varying from 1 to 100, with periodic
scatterers every 1 mm, 100 μm, or 30 μm. The latter’s position
was varied by 0%, 1%, and 5%, while their signals’ magnitude
varied from 10% to 100% of that of the diffuse scatterers,
according to the previously published algorithms [34]. For
each simulated case, the periodic scatterers’ size varied from
70% to 200% (10.5–30 μm) of the initial size (15 μm).
The detection limit for this technique was found by increasing

Fig. 2. Simulated scattering medium containing random (black) and
periodic (red) scatterers (positioned every 1 mm, resulting in a spac-
ing of 1 mm). The wave propagation is along the vertical direction
(red arrow). If the wave propagation was along the horizontal direction
(width), the scatterers are 2 mm apart, resulting in a spacing of 2 mm.

the variation of the scatterers’ position until the algorithm
failed at detecting the “true” spacing value.

The backscattered signal s(t) was obtained by convolving
an RF pulse with the scattering medium that contains both
periodic and diffuse scatterers

s(t) = h(t) ∗
⎡
⎣∑

i

aiδ(t − ξi ) +
∑

j

b jδ(t − ζ j )

⎤
⎦ (8)

where h(t) is the impulse of the transducer, ai and b j are
the scattering amplitudes of the i th periodic and j th diffuse
scatterers, respectively, δ(t) is the scattering function of point
scatterers, and ξi and ζ j are the delays for the periodic and
diffuse scattering functions, respectively. Since the goal was
to estimate the mean scatterer spacing of regularly positioned
scatterers, the diffuse component is discarded in the calcu-
lation of the spacing [35]. Depth-dependent attenuation was
implemented by multiplying the simulated signal at 25 and
55 MHz by an exponential decay (e−αx with α = 0.05 Np/cm
[36]). A uniformly distributed white noise having an SNR
of 40 dB was added to the signal, simulating measurement
noise [34]. For each backscattered signal, the power cepstrum
is computed using (1). To improve peak detectability in the
cepstrum, the cepstra of 100 RF lines were averaged [37].

G. In Vitro Pellet Model

Colon adenocarcinoma cells (HT-29; ATCC, Manassas, VA,
USA) were grown in McCoy’s 5A media and supplemented
with 10% fetal bovine serum (Thermo Fisher Scientific, Inc.,
Waltham, MA, USA). Cells were incubated at 37◦C, 5% CO2
and passed every 3–4 days to maintain the exponential growth
phase required for pellet preparation. Three cell pellets were
prepared: one in an 8-mm-diameter flat bottomed tube for
histology and two in a custom stainless steel holder with three
wells, with a diameter of 7.8 mm and a depth of 3.02 mm for
US imaging. HT-29 cells were dissociated with trypsin and
30 million cells were centrifuged for 10 min at 200 g. Excess
media was gently removed and the pellets were covered with
phosphate-buffered saline (PBS) and left at room temperature.

To prepare for the pellet histology, the PBS was carefully
removed and replaced with neutral buffered formalin for
at least 48 h. The sample was removed from the tube by
cutting off the flat bottom and was embedded in paraffin for
histology [38]. Hematoxylin and Eosin (H&E) staining was
completed using a Leica Autostainer XL (Leica Biosystems
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Inc., Richmond, VA, USA) and imaged using a Retiga 2000R
Fast 1394 Color (QImaging, Surrey, BC, Canada) mounted on
a CKX41 Olympus microscope (Olympus Corporation, Tokyo,
Japan).

H. Simulations of a Backscatter from Cell Pellets

A pellet H&E histology image was used to simulate the
US backscatter in 2-D. The circle Hough transform [39]
was applied to the histology image to extract the location
of each cell; this transform finds the circular formations of
a given radius R, within an image, while detecting their
centers. Backscatter was then simulated by convolving this
scattering medium with the 25- or 55-MHz US pulse, as
described in Section II-F. The accuracy of the cepstrum-based
CWT technique was assessed by estimating the true spacing,
where the first peak of the pair correlation function was used
to estimate the mean scatterer spacing. The pair correlation
function is related to the distribution of the distances between
pairs of scatterers [40]

g(r) = (N − 1)

4πρ

〈
δ(r − r ′)

rr ′

〉
r ′

,...,r ′n
(9)

where r is the relative position of the particles, ρ is the density
of the particles, and N is the total number of particles.

I. In Vivo Tumor Preparation

Six Xenografted human prostate (PC3) tumors on hind
legs of severe combined immunodeficiency disease (SCID)
mice were used. Cells were injected subcutaneously. Cell lines
were obtained from American Type Culture Collection (ATCC,
Manassas, VA, USA). For imaging, mice were anesthetized
(100 mg/kg of ketamine, 5 mg/kg of xylazine, and 1 mg/kg of
acepromazine, CDMV, St. Hyacinthe, Quebec, QC, Canada),
and the tumor and surrounding area were epilated before
scanning (Nair Church & Dwight Co., Mississauga, ON,
Canada).

J. US Imaging Acquisition

The HT-29 pellets were imaged using the
Vevo770 preclinical imaging system (Fujifilm, VisualSonics,
Toronto, ON, Canada) using a nominal single-element
mechanically scanned transducer, operating at 25 and
55 MHz. RF data were acquired using a board digitized at
420 MHz. From both pellets, ten imaging planes of 100 RF
lines were acquired. An ROI (1 mm × 1 mm) was chosen
around the focus of each transducer and was applied to
all frames. Since the transducers used the same acquisition
board (i.e., the same sampling frequency), the wavelet scales
calculated from (6) were different from each other. As such,
the algorithm was implemented using both overlapping and
nonoverlapping scales.

The PC3 tumors’ images were acquired with a Vevo
770 system using a transducer with a transmit frequency
of 25 MHz. The 3-D data were collected with a scan plane
separation of 100 μm. Animals were sacrificed immediately
following imaging, and tumors were excised for histological
examination using H&E.

Fig. 3. (a) Simulated backscattered US signal, with a scatterer spacing
of 1 mm. (b) Cepstrum of this simulated signal. The highest correlation
coefficient between the cepstrum and the wavelets corresponds to
(c) Coiflet1 wavelet.

Fig. 4. Simulated power cepstra derived from US signals with a spacing
of 1 mm at 25 MHz (zoomed in). (a) Periodic and quasi-periodic scatterers
with (b) 1% and (c) 5% variation. The second row displays the CWT using
Coiflet1. The colorbar represents amplitude. The third row shows the
results of applying the peak detection algorithm on the CWT of the second
row.

III. RESULTS

A. Testing the Developed Algorithm

Fig. 3(a) shows the simulated backscattered US signal
obtained from the convolution between the pulse and the
generated medium for 1-mm scatterer spacing. Fig. 3(b) shows
the cepstrum of this simulated signal. Due to the majority of
scatterers being random, no discernable peaks were present
in the cepstrum. The highest correlation coefficient between
the cepstrum and the wavelet was found to be 0.79, which
corresponded to the Coiflet1 wavelet [see Fig. 3(c)].

Fig. 4 shows the part of the power cepstra of simulated
media at 25 MHz, highlighting the first few cepstral peaks,
containing periodic and quasi-periodic scatterers 1 mm apart
with 1% and 5% variation in the scatterers’ positions. For the
periodic and the 1% variation cases, the first cepstral peak
is seen at 1 mm. However, at a 5% variation, the dominant
peak is no longer evident. The second row shows the resulting
CWT and the corresponding binary images (third row) where
the 1-mm spacing between the periodic absorbers becomes
observable across all simulations. Table I summarizes the
simulation results.
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TABLE I
MEAN SCATTERER SPACING ESTIMATED FROM THE SIMULATED

PERIODIC AND QUASI-PERIODIC SIGNALS CONTAINING

PERIODIC SCATTERERS AT (a) 1 mm, (b) 100 µm,
AND (c) 30 µm

Fig. 5. H&E histology sample of an HT-29 cell pellet (a) before and
(b) after cell detection. The red circles show the extracted cells with
their respective centers (yellow dots). (c) Pair correlation function versus
distance. The peak (red arrow) indicated the value of the scatterer
spacing (31.97 µm).

For all cases, with a spacing variation of 0% and 1%, the
estimation error was <3.00%. The third column represents
the detection limit for each case. For a spacing of 1 mm [see
Table I(a)], the detection limit was at 5% spacing variations
for both frequencies, where the estimation error was <1.40%.
For the 100-μm spacing [see Table I(b)], the detection limit
was at 23% and 15% spacing variations, with estimation errors
<1.10% and <1.60%, for 25 and 55 MHz, respectively. For
the 30-μm spacing [see Table I(c)], the detection limit was at
62% and 60% spacing variations, resulting in estimation errors
<2.90% and <2.10%, for 25 and 55 MHz, respectively.

B. Cell Pellet Simulations

Fig. 5(a) shows an H&E histology sample of an HT-29 cell
pellet, as well as the cells extracted [see Fig. 5(b)],
illustrating how the circle Hough transform works. The
histological spacing was found using the pair correlation

Fig. 6. First row shows the average power cepstra of the simulated
signals at 25 MHz (left) and 55 MHz (right). The second row shows the
CWT image at each frequency. The third row shows the thresholded,
detected peaks. The estimated spacing is 32.68 ± 3.69 µm at 25 MHz
and 33.12 ± 3.10 µm at 55 MHz. The true spacing calculated from
histology is 31.97 µm.

function [see Fig. 5(c)]. The obtained value for the scatterer
spacing was 31.97 μm.

Fig. 6 shows the results from the pellet simulations at
25 (left) and 55 MHz (right). The first, second, and third rows
show the average power cepstrum, the CWT, and the peaks
detected from the CWT image, respectively. The estimated
mean scatterer spacing was 32.68 ± 3.69 μm at 25 MHz and
33.12 ± 3.10 μm at 55 MHz, which resulted in a percentage
difference with the histological spacing of 4.91% and 6.32%,
respectively.

C. Experimental Measurements of HT-29 Cell Pellets

Fig. 7 shows the US images from the pellets at (left)
25 MHz and (right) 55 MHz. The first row shows the represen-
tative B-mode images of the pellets, with the corresponding
ROIs. The second row is a plot of the average power cepstra.
No visible peaks were part of either cepstra. The third row
displays the CWT of the average power cepstra using the
Coiflet1 wavelet. The fourth row shows the peaks detected
from the CWT after binary conversion. The values of the
mean scatterer spacing estimated based on the peak detection
algorithm were 33.73 ± 2.95 μm at 25 MHz and 32.38
± 2.49 μm at 55 MHz, which resulted in a percentage
difference with the histological spacing of 8.28% and 3.95%,
respectively. Having an estimated standard deviation smaller
than the expected value is expected since cells are tightly
packed in the pellet, which means that the medium is somehow
idealized.

To examine the impact of bandwidth (and wavelet scales)
overlap when using two different transducers, the cepstral
algorithm was used for both nonoverlapping and overlap-
ping scales, as calculated from (6). Table II(a) and (b)
shows the estimated mean scatterer spacing from both,
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Fig. 7. Signals extracted from the HT-29 cell pellets imaged at 25 MHz
(left) and 55 MHz (right). The first row shows the representative B-mode
images of the pellets, with the corresponding ROIs. The second row
shows the average power cepstrum computed from the chosen ROI.
The third row displays the CWT using Coiflet1. The colorbar represents
the amplitude. The fourth row shows the detected peaks. The calculated
spacing is 33.73 ± 2.95 µm at 25 MHz and 32.38 ± 2.49 µm at 55 MHz.

TABLE II
MEAN SCATTERER SPACING ESTIMATED FROM BOTH SIMULATIONS

AND EXPERIMENTS WITH PELLETS FOR (a) WITHOUT AND

(b) WITH BANDWIDTH (SCALES) OVERLAP

pellets and simulations, without and with bandwidth/scale
overlap, respectively. In both cases, the difference between
the backscattering simulations and the experimentally mea-
sured pellets was no more than 10.11%. In the cases when
overlapping bandwidth is used, the spacing estimates are only
1.58 μm from the spacing assessed from histology.

D. Experimental Measurements of PC-3 Tumors

Fig. 8(a) shows an H&E histology image from the
PC-3 tumor (red dots represent the detected cell centers used
for the estimation of the spacing). The histological spacing
estimated from six different tumors was found to be 61.15
± 4.69 μm. Fig. 8(b) shows a representative B-mode image

Fig. 8. (a) H&E histology image and (b) representative B-mode image
with the corresponding ROI of the PC-3 tumor. The red dots represent
the centers of the detected cells used for the estimation of the mean
scatterer spacing.

of the PC-3 tumor, with the corresponding ROI. The mean
scatterer spacing value estimated based on the peak detection
algorithm was 62.18 ± 2.10 μm. The percentage difference
between the histologically derived spacing and the calculated
spacing based on the CWT of the RF data was found to be
1.68%.

IV. DISCUSSION

Previous studies have demonstrated that backscattered US
signals contain information regarding nonresolvable tissue
structure [4], [41]. Moreover, regular tissue structure encodes
the periodic traces in the backscattered US signal. However,
these patterns are rarely visible in the signal since the num-
ber density of the diffuse scatterers typically dominates the
scattering contributions from periodic structures. This is seen
in Fig. 3(b), which displays the cepstrum from a simulated
backscattered signal containing periodic and diffuse scatterers.
Therefore, techniques that improve peak detectability can have
a significant impact on characterizing periodic scatterers.

Cepstral analysis using the first harmonic peak has been
previously used for the estimation of scatterer spacing [9].
However, the first peak is not always clear, especially when the
periodic scatterers have high variability in their spacing. This
was the case in both simulations (see Fig. 4) and experiments
(see Fig. 6) where it is not possible to discern any periodicities
from the average cepstrum. The CWT is a suitable choice for
periodicity detection since it transforms a 1-D signal into 2-D
space [42] making it easier to uncover hidden and hard to
detect components of the signal. Choosing a suitable wavelet
is not always trivial and is dependent on the task at hand. Since
our aim is to detect periodic cepstral peaks, then the CWT
approach is conceptually similar to matched filtering [43].
By computing the correlation coefficient between the power
cepstrum with a number of wavelets, one can identify the
wavelet, which resembles the cepstrum the most (the Coiflet1
in this case).

Furthermore, one must limit the analysis to the most sensi-
tive frequency bands of the transducers. The wavelet scale is
related to the transducer’s pulse frequency content. False peaks
occur in the regions where the SNR is low, usually outside the
transducer’s 10-dB bandwidth [23]. According to (6), the range
of wavelet scales is related to the chosen bandwidth, and
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since two different central frequencies were used to image
the same pellets, the scales at which the wavelet transform
was performed were different (11.34–24.82 at 25 MHz and
5.22–13.84 at 55 MHz). The estimation was not accurate
without bandwidth overlap at 25 MHz, and this is due to the
choice of the scales. The CWT scales determine the frequency
range of the studied signal. One factor contributing to the
calculation of the scales is the sampling frequency. For the
Vevo770, the sampling frequency for both imaging frequencies
(25 and 55 MHz) is the same, which leads to different
frequency ranges. However, since the aim is to estimate the
spacing, focusing on the same range of frequencies is essential.
To do so, the overlapping bandwidth between the two spectra
was chosen. Therefore, to analyze the same range of scales and
the same 10-dB frequency bandwidth, overlapping scales were
chosen. An agreement between the estimated and actual cell
spacing was observed for the overlapping case. This allows for
comparisons between multiple probes (see Table II) or when
examining multiple biological length scales [19].

The small (<3%) estimation errors for all simulated cases
suggest that this technique yields more accurate estimations
of the mean scatterer spacing compared with the traditional
methods that cannot discern peaks in cases of 5% variation.
However, the CWT technique is dependent upon the central
frequency, the beamwidth, and the spacing, which suggests
that it has a detection limit that is also dependent upon
these parameters. According to the simulation results, the
detection limit increases with decreasing frequency. It also
increases at spacing values close to the ones found in bio-
logical tissues [∼60% variation at 30-μm spacing, as shown
in Table I(c)], which is adequate for the intended applica-
tions. Overcoming the detection limit of this method will be
addressed in future work. For HT-29 pellets, the spacing was
retrieved from the distance between the cells from the H&E
histology image [see Fig. 5(a)] and estimated by simulating
the backscatter using the location of the cells as scattering
sources. The percentage difference for the estimates was
3.21% and 2.25%, for the 25- and 55-MHz pulses, respec-
tively, corresponding to an average difference with the histol-
ogy of 1.75 μm. In this work, the estimation of the spacing
was based on the backscattered US signals. In a previous work,
Franceschini et al. [44] performed the 2-D and 3-D computer
simulations for RBC aggregations and concluded that the
backscattering coefficient behavior was the same for both 2-D
and 3-D studies. Specifically, this meant that the backscattering
coefficient curve as a function of frequency had a similar
shape in both cases, 2-D and 3-D. Therefore, while there
are differences in the orientation of scatterers in 3-D, for the
purposes of this work, the estimation of the spacing on the 2-D
histology image should represent a reasonable approximation
of the true spacing in 3-D.

Peak detection in the pellet simulations (see Fig. 6) was
more complex than that of the scattering medium simula-
tions (see Fig. 4). Simulated US signals revealed a clear
periodicity in the CWT images, which is represented by
vertical stripes along all scales. However, in the pellets,
the periodicity was not trivial, since nonperiodic components
of the signal were preserved after converting the CWT images

to binary ones. Nevertheless, the peaks were still detected
(<7% estimation difference) in the pellet CWT. It is worth
noting that such periodicity is not clear from the cepstra
(see Fig. 6). The experimental validation of the developed
algorithm comes across when using two different transducers.
We obtained the spacing estimates that were within 10% of
the estimated “true” spacing (see Fig. 7).

In previous work, Kolios et al. [45] suggested that the nuclei
might be the dominant scattering source in cell ensembles.
As such, in the case of the pellets, one might expect the
estimated scatterer spacing to be the internuclear distance. For
HT-29 cells, the nucleus occupies almost the entire diameter
of each cell (∼13 μm), thus yielding excellent (5%) agree-
ment between the estimated and the histologically measured
scatterer spacing. In addition, the number of cells present
in the beamwidth of the US transducer determines whether
the periodicity from the imaged tissue is detected or not.
Since the size of HT-29 cells is around 13 μm, the value
of the beamwidth, calculated for the Vevo770, suggests that
there are around four cells in the beamwidth, and therefore,
the periodicity in the RF signal of the pellets can be detected.

In attempting to enhance the periodicity in backscattered
RF signals, Wear et al. [9] added a grid of regularly spaced
nylon wires to a phantom, perpendicular to the direction of
the transducer. In our work, despite the absence of scatterers
with a well-defined spacing, naturally occurring periodicities
within the organization of HT-29 cellular pellets could be
detected using the developed algorithm, as well as for the
PC-3 tumors. An extension of this work is to investigate the
use of scatterer spacing for differentiating between treated
and untreated tumors [4]. It is anticipated that the relative
contributions of diffused to periodic tissue scatterers will
change for tumors responding to treatment. In particular,
a decrease in the periodic tissue scatterers is expected as a
result of treatment [46]. The goal of this work is to use the
scatterer spacing for the characterization of periodicities in
tissue structure for any tissue. For this purpose, other QUS
parameters might be combined with the scatterer spacing to
strengthen the ability of the technique for characterizing the
tissue pathophysiology [4], [47]–[49].

V. CONCLUSION

A new technique for improved mean scatterer spacing esti-
mation was proposed. This algorithm is based on applying the
CWT to the cepstrum of backscattered US signals. Simulation
results showed that the mean scatterer spacing was accurately
estimated for periodic and quasi-periodic scatterers, even when
periodicity was not easily detected in the backscattered signal
cepstrum. Cell pellets and tumor results revealed that this
technique may be used to estimate scatterer spacing on the
order of micrometers for backscatter from high-frequency
ultrasound. This estimation was performed at two different
frequencies, leading to values of the mean scatterer spacing
that agrees with histological measurements within 3%.
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