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Abstract

Conventional color flow processing is primarily optimized for qualitative visualization of flow
dynamics, limiting its diagnostic use in regions where vascular structures are small relative to the
ultrasound beamwidth. Leveraging the statistical properties of color flow data may provide a pathway
toward quantitative discrimination between blood and tissue signals. This could enhance detection
of vascular abnormalities, improve diagnostic accuracy, and support monitoring in diseases with
small hemodynamic changes. Experimental data were obtained using a clinical GE LOGIQ 9
ultrasound system with a 10L linear array probe (3.75 MHz) positioned on an in-house made half-
space flow phantom with the focus located at 3 cm depth. The simulation data obtained from Field I
used a setup analogous to the experimental settings. Theoretical probability density function of
ultrasound color flow power was derived using a gamma distribution. Shape parameters for blood
and tissue were estimated using maximum likelihood estimation (MLE) in both simulation and
experimental data. Color flow power was found to follow the gamma distribution in both simulation
and experimental data. The estimated shape parameters aligned with theoretical predictions and
distinguished between blood and tissue. Estimated shape parameters are less than or equal to 1 for
tissue samples and greater than 1 for blood samples. This study presents a statistical modeling
approach to enhance blood-tissue differentiation in color flow ultrasound, enabling blood
characterization and perfusion quantification for improved detection and monitoring of vascular

abnormalities.

1. Introduction

Undiagnosed changes in blood flow can have severe
consequences, leading to disease or tissue death.
Altered blood flow can cause organ damage, stroke,
heart attack, and peripheral artery disease by depriv-
ing tissues of essential oxygen and nutrients [1].
Proper blood flow is essential for organ and tissue
function, but it remains challenging to quantify it
inexpensively and noninvasively.

Ultrasound has been widely employed for real-
time visualization of blood flow using color flow ima-
ging [2, 3]. While color flow imaging enables real-time
flow visualization, quantification of blood flow

© 2026 The Author(s). Published by IOP Publishing Ltd

requires additional insight into the underlying flow
characteristics.

Using color flow power, established in [4], the
integrated power spectrum of the received signal at
each pixel can be measured, which is proportional to
the moving red blood cells (RBC) in that area. This
power measurement differs fundamentally from velo-
city, which is the mean radio frequency (RF)- or in-
phase and quadrature (IQ)-signal phase shift pro-
duced by moving RBCs. The benefit of using power is
its enhanced sensitivity to flow as well as its ability to
suppress noise, which exhibits consistently low
power. Additionally, color flow power is largely inde-
pendent of angle [4].
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Quantitative modeling of blood flow has been
approached from both structural and statistical per-
spectives. Anatomical and computational blood flow
modeling, such as multi-scale perfusion simulations
and synthetic vascular networks [5, 6], provide insight
into vascular health and tissue perfusion. Modeling
the statistical behavior of color flow power offers a sig-
nal-based method for capturing flow heterogeneity
and underlying physiological changes without the
need for explicit anatomical mapping. A critical
review on statistical modeling of ultrasound echo-
envelope signals highlights the use of compound
probability distributions such as Rice, Nakagami, K,
and Homodyned-K to characterize signal amplitude,
with particular emphasis on the gamma distribution
for distinguishing speckle and coherent scattering
components [7]. Shankar introduced a statistical
model based on the Nakagami distribution to
describe ultrasonic backscatter from tissues. This
model offers a simpler and more versatile alternative
to complex K-distributions, effectively capturing var-
iations in scatterer density and structure. However, it
is limited to static B-mode echo data [8]. In another
study, Shankar introduced a generalized Nakagami
distribution with three parameters to better model the
statistics of ultrasonic backscatter echoes from tissue.
This extension improves the fit over that of traditional
two-parameter models like Rayleigh, K, and standard
Nakagami distributions, especially in capturing the
tail behavior [9]. In yet another study, Shankar pro-
posed a compound probability density function for
modeling the ultrasonic echo envelope, based on a
gamma-gamma framework that accounts for both
local and global variations in tissue scattering cross
sections. This model unifies and generalizes the Ray-
leigh, K, and Nakagami distributions, offering greater
flexibility in representing echo statistics under diverse
scattering conditions [10]. Nillesen et al used speckle-
based statistical modeling with Gamma and K dis-
tributions to detect the myocardium in echocardio-
graphic B-mode images, aiming to improve
segmentation. While scale and shape parameters
enabled tissue separation, local estimation caused
edge blurring, requiring adaptive filtering to preserve
boundaries [11]. While these models have addressed
tissue characterization, they have been applied to
B-mode envelope data and lack direct validation in
dynamic flow environments.

Another review study by Damerjian et al con-
centrated on various statistical and spatial methods
for characterizing ultrasound speckle patterns. They
outline several probabilistic models including Ray-
leigh, Rice, K, Homodyned-K, and generalized
gamma distributions for modeling multiplicative
speckle statistics. The authors highlight the effective-
ness of generalized mixture models like the general-
ized gamma mixture. However, these methods
effectively capture static tissue heterogeneity but are
limited in investigating dynamic flow characteristics
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and differentiating between blood and tissue in
motion-sensitive modes [12].

Al-Kadi et al introduced a multi-resolution Naka-
gami-based fractal descriptor to capture intra-tissue
variations in 3D ultrasound data, improving tissue
characterization beyond conventional single-scale
models. While effective for B-mode texture analysis, it
does not investigate the dynamic flow signal char-
acteristics [13]. Oelze and Mamou reviewed quantita-
tive ultrasound techniques, focusing on envelope
statistics and backscatter coefficient imaging for tissue
characterization. They highlight how statistical mod-
els (i.e., Nakagami, Homodyned-K) applied to echo-
envelope data can quantify microstructural properties
of tissue in a system-independent manner [14]. While
powerful for B-mode imaging, these approaches were
not used for blood flow characterization and flow-
related signal variability. Teh and Cloutier modeled
ultrasonic backscatter from RBC aggregates, includ-
ing spherical clumps and rouleaux, showing that
backscatter intensity varies with aggregate size, shape,
and shear rate. Their work demonstrated that RBC
aggregation enhances backscattered power, while
shear dispersion reduces it, linking microstructural
blood changes to signal behavior [15]. While their
model is based on physical simulations of RBC
morphology, it is not an anatomy-independent model
and needs assumptions about the RBC aggregate
structure and about flow geometry.

Miiller et al compared color-flow imaging, power-
based flow imaging, and peak systolic techniques for
assessing carotid artery stenosis, demonstrating that
both color flow and power modes provide repro-
ducible measurements comparable to peak frequency
shift, with accuracies exceeding 90%. This supports
the clinical reliability of flow-derived power signals
for vascular assessment [16]. However, the study
focuses on large vessel diagnostics and stenosis quan-
tification using anatomical thresholds. It does not
address statistical characterization of signal hetero-
geneity or variations in flow behavior at finer spatial
scales.

Statistical modeling of ultrasound RF or envelope
signals has been widely investigated for tissue char-
acterization, including generalized Gaussian and rela-
ted models applied primarily to B-mode imaging
under static scattering conditions 8, 12, 14,17, 18]. In
contrast, this study focuses on the statistical behavior
of 1Q-derived color flow power, which is formed by
summing squared in-phase and quadrature compo-
nents across the packet ensemble. As a result, color
flow power is non-negative, more robust to noise, and
largely angle-independent compared to velocity-
based measures. Importantly, color flow power
reflects dynamic scattering processes associated with
blood motion and temporal decorrelation, rather
than static tissue structure. These characteristics dis-
tinguish the proposed power-based statistical frame-
work from prior RF-based speckle modeling
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Figure 1. Illustration of the blood flow simulation setup. Axial-lateral side view of the soft-tissue / blood-lumen interface.
Synthesized beams are focused to a depth fand spaced by s, based on their -6 dB (transmit / receive) beamwidths, with respect to

their lateral FWHM at the focus (f).

approaches and highlight its relevance for flow
imaging.

Color flow power statistics is integral to advancing
the comprehensive analysis of hemodynamics and tis-
sue morphology. Through the application of statis-
tical techniques, diagnostically significant patterns
within color flow power data can potentially be inves-
tigated. In this study, we investigate the following
hypothesis using both simulation and experimental
data: Color flow power derived from IQ data follows a
gamma distribution, exhibiting distinct ranges of
shape parameters for blood and tissue, as well as a
continuous transition between blood and tissue.

2. Materials and methods

2.1. Simulation

Color flow analysis was performed on simulation data
similar to previously generated RF data [19]. Field II
simulation [20] was performed for a 128 element
linear array probe at a 3.75 MHz center frequency and
operating at an f-number of 3 (figure 1). Parameters
were selected to match the clinical scanner setup. An
f-number of 3 was chosen in the simulation to match
the clinical color flow setting. The focal depth was set
to 3cm to match carotid and peripheral vascular
applications. The color flow field was placed across
the full aperture (3.9 cm laterally) and with a 1cm
axial range centered at the 3 cm focal position. While
the L10 probe supports a higher color flow frequency
of 5MHz, we chose a color flow frequency of
3.75MHz to operate the system at a lower spatial
resolution but still within the settings of peripheral
vascular use.

The middle of the aperture was placed at the inter-
face from tissue to a blood vessel; the latter with a plug
flow profile. Soft tissue and blood were simulated with
15 scatterers per resolution cell to achieve a Rician
speckle distribution. Color flow data was obtained by
sending and receiving an ensemble of acoustic tone
bursts along a given scan line. The ensemble is often
referred to as a packet. Sixteen firings were trans-
mitted in each color flow packet at a pulse repetition
rate of 0.8 kHz. Color velocity and power were com-
puted according to the Kasai algorithm [21, 22].

Simulation was performed with blood signal levels set
40 dB below those of tissue to approximate signal
levels seen in vivo and thus allowed us to isolate and
analyze the statistical behavior of the signal under
simulated clinical conditions. We simulated 50 scan
volumes with 636 axial samples, and 104 lateral beams
(first 52 beams in tissue, last 52 beams in blood). All
beams were spaced by —6 dB (transmit/receive) with
respect to their point spread function at the focus.

2.2. Experimental data

The experimental data was acquired using an in-
house made half-space flow phantom that mirrors the
simulation geometry. The tissue mimicking material
formulation consisted of a mixture of gelatin (15%)
and silicon dioxide (2%) inspired by [23]. A mass of
200 g of gelatin was dissolved in 1 L of distilled water
to create an aqueous solution. Separately, 30 g of
silicon dioxide were dissolved in 200 mL of distilled
water in another container. Once both solutions were
homogeneous and clear, they were combined and
thoroughly mixed. The lumen was created by placing
a 3D printed cuboid structure with lateral and
elevational dimensions of 18 mm and 5 mm, respec-
tively, which acts as a lumen stencil, and it was
removed once the gelatin had set. This lack of a vessel
wall also mirrored the simulation setup. Data collec-
tion was performed using the GE LOGIQ 9 ultrasound
system with a linear array matching the simulation
transducer (figure 2).

Blood-mimicking fluid (CIRS Doppler Fluid,
model 769DF: Sound speed, 1570 + 30m s
Attenuation, 0.1 & 0.05 dBcm-MHz % Density,
1.01-1.09 gmLfl; Viscosity, 4.0 £ 0.5 mPa.s) was
mixed for 3 hours before each use to ensure homo-
geneous particle distribution, prevent settling or
clumping, and maintain consistent acoustic proper-
ties. Additionally, we allowed the fluid to circulate for
one hour prior to imaging to eliminate air bubbles
and ensure stable acoustic conditions. We recorded
three IQ datasets, spaced 2 hours apart, each consist-
ing of 50 cine loops with 44 frames each. The color
flow box was centered on the focus with a height and
width of 1 cm and 3.9 cm, respectively. This resulted
in 66 and 262 axial and lateral voxels, and therefore a
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Figure 2. Left: Experimental setup using a custom-built half-space flow phantom designed to replicate the simulation geometry. The
tissue-mimicking material was composed of 15% gelatin and 2% silicon dioxide. A 3D-printed cuboid stencil (18 mm x 5 mm) was
used to form the lumen and removed after the gelatin solidified, resulting in a wall-less channel consistent with the simulation. Data
were acquired usinga GE LOGIQ 9 ultrasound system with a 10L linear array transducer matched to the simulation setup. Right:
Color flow power superimposed on B-mode. The yellow box is indicating the color flow box position.

data set of 50 X 66 X 262 x 44 samples. Experimental
data were acquired under conditions similar to the
simulation setup, with tissue signals dominating over
blood. No wall filter was applied to the simulation and
experimental data. This choice was made to preserve
the original statistical structure of the color flow
power signal and to avoid introducing filter-depen-
dent modifications to the power distribution. By ana-
lyzing unfiltered 1Q-derived power, we aim to isolate
the statistical differences between blood and tissue
arising from their respective scattering dynamics.
While wall filtering is commonly used in color flow,
its effects on the statistical properties of power signals
should be addressed in future studies. Note that here
blood refers to blood-mimicking fluid and tissue
refers to tissue mimicking material.

2.3. Statistical analysis

As introduced in [24], the derivative of the instanta-
neous phase, i.e., the phase difference between the two
temporally adjacent samples divided by the time
between them when averaged across the packet,
produces, an estimate of the mean angular phase shift
caused by blood motion. These phase shifts can be
written as a complex sinusoid e’ = eWord Ag
represents the phase difference between the two
consecutive firings separated by time At. The corresp-
onding angular phase rate is defined as wcr = i—?.
With this notation, the real part of this signal can be
termed the in-phase (I) component, and the imagin-
ary part the quadrature (Q) component. In this color
flow study, wcris chosen to be a function of the firing
number (¢;) within the packet, the volume number (v),
and the position in 3D space (x, y, z). Mathematically,

g v, x, y, 2) = earlpyordt — (1, v, x, y, 2)
+1Q(ts, v %, ¥, 2)
(D

For  brevity, let r=[ffy v x y 2z] and
s = [v x y z]. The initial power, the power deter-
mined for each firing in a packet and evaluated at r, is
equivalent to

() =g =I*(r) + Q). )

If there are m firings in a packet, then the total power,
per volume and pixel, is equal to:

m

P(s) = p(tj, s) €)

=1

Equation (3) shows that the total power is the sum of
powers that are treated as random variables. There-
fore, their interdependency must be considered due
to the finite beamwidth and likely dependency of
voxels that are near each other. Additionally, power
estimates for one voxel from one firing to the next are
by design highly correlated. Otherwise, the phase
change from firing to firing could not yield a mean-
ingful velocity estimate. Since power at any given
location is directly proportional to the amount of
moving blood cells at that location [4], any change in
the number of blood cells at one moment is correlated
with the number of blood cells at the previous
moment. We asserted that color flow power could be
modeled as a gamma distributed random variable
with distinct shape parameters for tissue and blood.
The probability density function (PDF) of a gamma
random variable X is
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where I' is the gamma function, o is the shape
parameter, and 3 is the scale parameter. We started our
investigation by considering IQ data derived power data
of tissue and blood separately due to anticipated
differences in their statistical properties. The gamma
distribution was fitted to the calculated power histogram
for each tissue and blood sample using the maximum
likelihood estimation (MLE). The estimated shape
parameters (o) and scale parameters ((3) were computed
for both simulation and experimental data. In this study,
asample corresponds to a single scalar color-flow power
value computed at one spatial pixel location and one
temporal realization (volume for simulation data or
frame for experimental data). Power histograms were
constructed by pooling these samples across selected
spatial regions and across time, without temporal
averaging. Having separate initial estimates of the shape
parameters, i.e., for tissue and blood, we conducted the
next analysis by considering the transition from blood to
tissue. To this end, we moved laterally across power
pixels and measured the shape parameter of the gamma
distribution of all axial pixels for any given lateral
position. For the lateral-transition analysis, two adjacent
lateral positions were pooled at each step to construct
the power histograms. In the simulation data, the blood-
tissue boundary is sharply defined such that a single
lateral pixel is entirely within either blood or tissue;
pooling two neighboring lateral positions therefore
enables explicit characterization of the statistical trans-
ition across the interface. This process was performed to
investigate whether the measured shape parameters are
discriminative between tissue and blood. At each lateral
position, the estimated gamma PDF was superimposed
on the histogram for qualitative comparison and the
estimated shape parameters (), and scale parameters
(B) were collected.

Goodness-of-fit between empirical color flow
power distributions and the fitted gamma model was
evaluated using quantile—quantile (Q-Q) analysis rather
than classical hypothesis tests. Formal goodness-of-fit
tests such as Kolmogorov—Smirnov or Anderson—Dar-
ling assume independent samples, an assumption vio-
lated in color flow ultrasound data due to spatial
correlation imposed by the system point-spread func-
tion and temporal correlation across frames and firings.
Q-Q analysis provides a distribution-wide, assumption-
light assessment of agreement by directly comparing
empirical and theoretical quantiles, allowing systematic
deviations to be visualized across low, mid, and high
quantile ranges, including the distribution tail.

Q-Q analysis was applied to the first step of the
analysis, where the objective is to validate the assumed
statistical model for color flow power in representa-
tive blood and tissue regions. In this step, samples cor-
respond to scalar power values at fixed spatial
locations aggregated across time. The second step of
the analysis focuses on the lateral transition across the
blood-tissue interface, where local power histograms
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were constructed by aggregating two adjacent lateral
positions at each step. Generating Q—Q plots for every
lateral position would result in a large number of
highly similar figures with incremental differences
and limited additional insight. Instead, spatial chan-
ges across the interface were quantified through the
lateral evolution of the fitted distribution parameters,
which provides a compact and physically inter-
pretable description of the transition.

Quantitative Q-Q agreement was measured using
the mean absolute quantile error (MAQE),

MAQE = 1/”Z|Qemp(p,') - chea(P,‘)' (5)
i—1

where Q,,,,,(p;) represents the empirical quantile of the
measured color flow power at quantile level p;, and
Quneo(p;) represents the corresponding theoretical quan-
tile obtained from the fitted gamma distribution. The p;
denotes uniformly spaced quantile levels with the interval
[0.01, 0.99], and n is the total number of evaluated
quantiles. In addition to full-range MAQE, a bulk-
restricted MAQE (lower 95% of quantiles) and a tail-
restricted MAQE (highest 5% of quantiles) were com-
puted to separately assess agreement over the dominant
distribution and deviations associated with rare high-
power samples.

As the next verification measure, we calculated the
empirical cumulative distribution function (ECDF) to
represent the observed IQ data power at each step of our
analysis without assuming any underlying parametric
model. Then, we compared the ECDF against the theor-
etical cumulative distribution function (CDF) for the
gamma distribution according to the following equation:

x 1 . B
ftheuretical(x; a, /6) = \/; mt(’ lﬂae atdt, (6)

Where I' is the gamma function, « is the shape
parameter, and § is the scale parameter. These
parameters were collected from the gamma fitting. As
a quantitative measure, the point-wise absolute error
between the empirical and theoretical CDFs was
estimated and the maximum absolute error (MAE)
was recorded in each step of the analysis.

We note that power samples are not strictly inde-
pendent due to temporal correlation across frames
and firings and spatial correlation imposed by the
finite beamwidth and point-spread function of the
ultrasound system. These correlations arise because
the same blood cells and tissue scatterers contribute to
signals across nearby pixels (i.e., from shared speckle
spots) and consecutive frames. The objective of this
work is to characterize the empirical distribution of
color flow power observed for blood and tissue under
realistic imaging conditions. While such correlation
reduces the effective number of independent samples
and may increase estimator variance, it does not
change the form of the single-sample distribution of
color flow power being modeled.
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Figure 3. Example of the qualitative difference of gamma-based PDFs for simulation data. Power data was obtained from color flow
firings IQ data. Left: Blood only with a gamma distribution. Right: Tissue only with an exponential distribution.
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Figure 4. Example of the qualitative difference of gamma-based PDFs for experimental data. Power data was obtained from color
flow firings IQ data. Left: Blood only with a gamma distribution. Right: Tissue only with an exponential distribution.

Table 1. Gamma shape parameter estimation using maximum
likelihood estimation for color flow power of blood and tissue. The
analysis was performed on simulation data and data from three
physical experimental replications.

Tissue shape Blood shape
Data source parameter parameter
Simulation 0.99 1.88
Experimental 0.69,0.69,0.63 1.95,2.05,1.95
3. Results

A qualitative comparison between the estimated
gamma PDFs and their corresponding tissue and
blood histograms are presented in figures 3 and 4 for
simulation and experimental data, respectively. The
shape parameters obtained are shown in table 1. Here,
these parameters serve as an initial quantitative
reference point with respect to their values exclusively
for tissue and blood.

In this initial step, Q—Q analysis was used to evalu-
ate the agreement between empirical color flow power
distributions and the fitted gamma model under both
simulation and experimental conditions. Agreement
was quantified using measured MAQE, a bulk-restric-
ted MAQE computed over the lower 95% of quan-
tiles, and a tail-restricted MAQE computed over the
highest 5% of quantiles, enabling separation of domi-
nant distribution behavior from rare, high-power
samples. The results are shown in figures 5 and 6 for
simulation and experimental data respectively. Mea-
sured MAQE values are reported in table 2 for both
simulation and experimental data.

The corresponding ECDFs and CDFs are shown
in figures 7 and 8 for simulation and experimental
data, respectively. These figures compare the point-
by-point cumulative probabilities of the empirical
data (ECDF) with the probabilities fitted by the
gamma distribution (CDF). This comparison allows
us to assess the fit across the entire range of the data,
highlighting regions where the gamma model
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Figure 5. Left: Q—Q plot comparing empirical blood power quantiles from simulation data with theoretical quantiles from the fitted
gamma distribution. The plot demonstrates close agreement across the dominant portion of the distribution, with deviations
confined to the extreme upper tail. Right: Q—Q plot comparing empirical tissue power quantiles from simulation data with the fitted
gamma distribution. The strong alignment with the diagonal across nearly the entire range indicates that tissue power statistics in
simulation are well described by an exponential-like gamma model.
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Figure 6. Left: Q—Q plot comparing empirical blood power quantiles from experimental data with the fitted gamma distribution.
Agreement is observed across the bulk of the distribution, with deviations localized to the upper tail, corresponding to rare high-
power samples in experimental acquisitions. Right: Q-Q plot comparing empirical tissue power quantiles from experimental data
with the fitted gamma distribution. Broader deviations are observed, particularly in the upper tail, reflecting contributions from
coherent clutter and elevational averaging. Despite these effects, the dominant statistical behavior is captured by the gamma model.

performs well and areas where it diverges from the
empirical observations. A bar graph is provided to
quantify the relative difference between empirical and
theoretical data. Since ECDF values are given in frac-
tions of 0 to 1, their difference is shown as a percent-
age. To further quantify the accuracy of the gamma
distribution fit, we also calculated the MAE between
ECDF and CDF and reported them in table 3.

The next step in the analysis was to evaluate the
behavior of the gamma distribution across the lateral
direction of the simulation and the physical phantom,
with the aim of identifying the blood-tissue boundary.
For this purpose, a gamma distribution was fitted to
the histogram of all axial data at each lateral position.
This approach allows us to examine changes in the
gamma distribution parameters, particularly the
shape parameter, as we move laterally across the

phantom. The estimated shape parameters are shown
in figure 9. These figures illustrate how the shape
parameter could potentially assist in detecting the
lumen boundary. To assess the fit quality at each lat-
eral position, we measured the respective MAEs
between the ECDF and the CDF. MAE values for
simulation and experimental datasets are shown in
figure 10. This analysis highlights the consistency of
the gamma distribution model.

4. Discussion

According to figures 3 and 4, the fit appears to capture
the general data shape and spread, indicating that the
gamma distribution may be a suitable model for blood
and tissue power histograms. This visual assessment is
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Table 3. Calculated maximum absolute error (MAE)
between estimated (modeled) and measured cumulative
distribution functions (ECDF and CDF) for each blood
and tissue samples of simulation data and data from
three physical experimental replications.

Data source Tissue MAE Blood MAE
Simulation 0.01 0.03
Experimental 0.08,0.07,0.07 0.08,0.07,0.07

a crucial step in validating the appropriateness of the
distribution model. Referring to equation (4), to
understand the behavior of the gamma distribution
with respect to x, we focus on the term x“ e % ag

follows,

e Fora=1,f(x)= Xl = 0Bx e = ,6’67'8",
thus the PDF is non-zero and finite at x = 0 (f
(0) = p). For x > 0, the distribution falls off
exponentially, and the decay rate is determined by
the scale parameter 3.

—1 .
e For a < 1, the term x“~" — 0o as x — 0 since

¢ % _ 1. Thus, the PDF reaches infinity as x

approaches zero. For x > 0, there is a high
concentration of the probability density near zero.
Therefore, the gamma PDF peaks very sharply near
x = 0, and rapidly decays at larger values of x.
According to the results presented in table 1 and
illustrated in figure 9, all estimated tissue shape
parameters are less than or equal to 1. Histograms
for both simulation and experimental data further
confirms such behavior of the tissue sample
distribution (figures 3 and 4).

e Fora>1,thetermx® ' — 0asx — 0. In this case,

the distribution has less density near x=0, and the
PDF peak shifts away from zero. For small values of
x near zero, x*~' governs the growth of the PDF
until x reaches the mode of the PDF. Subsequently,
the distribution begins to flatten due to the
exponential decay term e~ . This behavior repre-
sents a gamma PDF. According to the results
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Figure 9. Estimated shape parameters across lateral positions are presented for one simulation and three experimental datasets. The
top-left panel shows the estimated shape parameters for simulation data and the other three panels show the estimated shape
parameters for the three experimental datasets. Blood samples are colored in red, tissue samples in blue, and the blood-tissue
boundary in magenta. The dotted line represents the approximate position of the blood-tissue boundary.

presented in table 1 and illustrated in figure 9, all
estimated blood shape parameters are greater than
1. Histograms for both simulation and exper-
imental data further confirm the nature of the
blood sample distribution (figures 3 and 4).

According to figures 5 and 6 and reported MAQE
values in table 2, for the simulation data, bulk-restric-
ted MAQE values were low for both tissue (1.11%)
and blood (3.83%), indicating close alignment
between empirical and theoretical quantiles across the
dominant portion of the distribution. Deviations
were primarily confined to the upper tail, corresp-
onding to the upper-right region of the Q-Q plots,
with tail-restricted MAQE values of 15.47% for tissue
and 26.97% for blood. Experimental data exhibited
larger deviations, but consistent trends were observed
across all three independent acquisitions. For blood,
bulk-restricted MAQE values ranged from 8.28% to
12.30%, while tail-restricted MAQE values ranged
from 54.32% to 70.53%, indicating that discrepancies
are largely restricted to infrequent, high-power sam-
ples potentially arising from momentary constructive
interference contributions of moving scatterers and
motion-induced temporal decorrelation. For tissue,

bulk-restricted MAQE values ranged from 11.92% to
13.95%, with substantially larger tail-restricted
MAQE values ranging from 54.74% to 96.38%. These
broader deviations reflect increased variability asso-
ciated with coherent clutter and elevational averaging
from stationary scatterers. Despite these deviations,
the consistent separation between low bulk-restricted
MAQE and elevated tail-restricted MAQE across all
datasets demonstrates that the gamma model cap-
tures the dominant statistical behavior of color flow
power in both simulation and experimental data.
Model mismatches are localized to physically inter-
pretable high-quantile regions rather than indicating
aglobal failure of the assumed distributional model.
The close alignment between ECDF and CDF in
figures 7 and 8 supports the suitability of the gamma
distribution for modeling these data. MAE values
provided in table 3 indicate a close fit to the empirical
data, with all values presented as proportions (i.e., an
MAE of 0.01 indicates an average 1% difference
between the empirical and modeled distributions).
Color flow power is formed by summing squared
in-phase and quadrature signal components across
multiple firings, resulting in a non-negative quantity
whose statistics depend on the number of effectively
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Figure 10. Maximum absolute error between the empirical cumulative distribution function (ECDF) and the actual cumulative
distribution function (CDF) at each lateral position for simulation data (top-left) and for the three experimental datasets.

independent scatterer contributions. Blood and tissue
differ fundamentally in this respect. In blood, scat-
terers are moving and thus continuously enter and
leave the point-spread function, leading to temporal
decorrelation and a larger number of scatterers effec-
tively contributing. In contrast, tissue scatterers are
largely stationary and are repeatedly observed across
firings and frames, resulting in a fixed number of
independent scatterers contributing. The gamma dis-
tribution provides a flexible statistical model for such
summed quantities, and its shape parameter can be
interpreted as an effective descriptor of scattering
dynamics rather than a unique, one to one mapping
to a single physical parameter. These differences in
scattering behavior led to distinct ranges of shape
parameters for blood and tissue, enabling their statis-
tical discrimination in color flow imaging.

The observed differences between the estimated
blood and tissue shape parameters in both simulation
and experimental data, as depicted in figure 9, along
with the values in table 1, align with theoretical expec-
tations that were discussed above. Blood shape para-
meters are uniformly larger than those of tissue. There
is a pronounced decrease in the shape parameter at
the blood/tissue interface when transitioning from
blood into tissue. This phenomenon can be attributed
to the change in the scattering environment, such as

(a) a 40 dB increase in backscatter in tissue versus
blood; and (b) temporally changing speckle patterns
in blood throughout the color flow packet versus sta-
tionary speckle in soft tissue.

We observe that the estimated gamma PDF
derived shape parameters are more discriminative
between blood and tissue in the simulation setting
than compared to the experimental data. Potential
contributors to this difference include: (a) idealized
(blood and tissue) scatterer distributions in the simu-
lation environment versus potential aggregation of
physical scatterers (which we tried to actively avoid by
gently pre-stirring for 3 hours and circulating in the
phantom for one hour to also avoid bubbles); (b)
simulation data do not incorporate system and envir-
onmental artifacts, such as electronic noise, ensuring
high-dynamic range data with minimal signal-to-
noise ratio degradation. Moreover, the presence of a
finite elevational beam width when imaging the flow
phantom may introduce out-of-plane tissue signal,
i.e., clutter, while the simulation assumes an absence
of such. This may contribute to additional back-
scatter, affecting the blood IQ data power distribution
with stationary speckle, and as a result, may obscure
the distinction between blood and tissue in the histo-
grams. Despite these limitations and differences
between the nature of simulation and physical
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experiment, the estimated shape parameters follow
theoretical expectations as discussed above and dis-
criminate between blood and tissue using IQ power
data. Moreover, calculated shape parameters across
lateral positions for all three experimental datasets
represent the same pattern as shown in figure 9. This
demonstrates reproducibility.

The flow phantom used in this study was designed
as a simplified model for proof-of-concept validation
rather than to replicate a specific organ or vascular
geometry. This approach allows isolation of the fun-
damental statistical differences between blood and tis-
sue color flow power without confounding effects
from organ shape, vessel curvature, or complex flow
patterns. Because the proposed method relies on local
power statistics derived from scatterer motion, it is
theoretically independent of organ geometry. The
simplified phantom provides a controlled baseline for
validating the framework, with future work focusing
on extension to organ-specific geometries and in vivo
applications.

The proposed framework relies on local color flow
power statistics rather than angle-dependent velocity
estimates. Therefore, it is robust to changes in probe
orientation. Probe rotation affects spatial sampling
but does not fundamentally change the power-based
statistical characteristics used for blood-tissue dis-
crimination. Evaluation across multiple imaging
angles and freehand probe motion represents an
important extension of this work and will be investi-
gated in future studies. Therefore, while this setup
provides a clear foundation for hypothesis testing, we
acknowledge that real clinical environments intro-
duce additional complexities such as wall filter set-
tings, transducer and patient motion, and varying
machine parameters. These factors can influence sig-
nal characteristics and may affect the robustness of the
statistical quantities derived here. As a next step, our
framework should be extended to clinical data, where
we will assess model resilience. This progression from
idealized to practical scenarios is essential to ensure
the method’s applicability in clinical practice.

In the present study, the proposed statistical mod-
eling framework is implemented as an off-line analy-
sis to enable validation and interpretation of color
flow power statistics. Nevertheless, the required com-
putations including the local power estimation and
gamma parameter fitting, are computationally inex-
pensive relative to current hardware and can therefore
be implemented without concerns about significant
performance loss. This makes the approach suitable
for real-time application in clinical ultrasound sys-
tems. Future work will focus on clinical evaluation of
the proposed method and real-time operation.

For future applications, the color flow power sig-
nal can be influenced by blood cell dynamics, such as
the shape, size, and concentration of cells in the blood.
For example, abnormally shaped cells in sickle cell
anemia, or changes in cell size and hemoglobin

A Abdolmanafi et al

content in thalassemia, could result in variations in
blood flow dynamics. Sickle-shaped cells can lead to
blockages in small vessels. A deviation from expected
gamma distribution patterns can model flow char-
acteristics through changes in the color flow power
signal. Assessing the gamma distribution parameters
could be useful in evaluating blood flow behavior and
inferring changes in blood cell density. In conditions
like polycythemia, with increased RBC concentration,
altered color flow signals might be observed due to
higher blood viscosity, and this could be reflected in
the power distribution of the color flow ultrasound.
In general, the application of investigating gamma
distribution shape parameters in color flow power can
be extended to potentially better monitor disease pro-
gression across various conditions.

5. Conclusion

This study investigated whether the IQ data-based
power derived from color flow firings follows a
gamma distribution and exhibits distinct shape para-
meters for blood and tissue domains. Initially, theor-
etical probability density functions were derived and
confirmed. Subsequently, the investigation of the
blood-tissue transition provided evidence of potential
effectiveness. Finally, the simulation results were also
validated by experimental data; demonstrating that
the estimated shape parameters are discriminative
between blood and tissue. This approach provides a
statistical framework for interpreting blood flow
characteristics in various vascular conditions.
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