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Abstract—Ultrasound coherent plane wave compounding
(CPWC) enables high frame-rate imaging by coherently summing
echoes acquired at multiple steering angles. While CPWC is fast,
using only a small number of steering angles makes the images
prone to strong speckle noise and angle-related artifacts, which
can obscure important anatomical details. Traditional denoising
methods often reduce noise at the cost of blurring fine structures.
To address this limitation, previous work has been done based
on denoising diffusion probabilistic models (DDPM), which rely
on Gaussian assumptions. In this paper, we show that the noise,
in the case of a small number of compounded angles, is not well
described by the commonly assumed Gaussian model; instead,
it has heavy-tailed, non-Gaussian characteristics that are better
captured by a Laplacian distribution. Based on this observation,
we incorporate this Laplacian noise model directly into the
sampling process of a denoising diffusion implicit model (DDIM).
We further propose a fast denoising method based on an adaptive
diffusion time step estimation from noisy inputs. Applying the
technique to both experimental and in vivo carotid datasets shows
that the proposed method enhances contrast and cyst visibility, as
measured by the generalized contrast-to-noise ratio (2CNR). In
particular, the results indicate that the number of transmissions
can be reduced by 90% while achieving a gCNR comparable to
that obtained with the maximum number of plane waves (PWs).

Index Terms—CPWC, diffusion models, Laplacian, ultrasound.

I. INTRODUCTION

Plane wave imaging (PWI) has enabled ultrafast ultrasound
acquisition by replacing focused transmissions with unfocused
plane waves, followed by digital beamforming []1], [2]. Coher-
ent plane-wave compounding (CPWC) improves image quality
by summing echoes from multiple steering angles, enhancing
contrast, resolution, and signal-to-noise ratio (SNR). However,
the achievable image quality strongly depends on the number
of compounded plane waves. In practical imaging scenarios,
particularly in motion-sensitive applications requiring high
frame rates and with limited data storage, the number of plane
waves must be restricted, leading to CPWC images that are
degraded by residual noise and artifacts [3].

This trade-off between frame rate and image quality has
motivated extensive research into denoising and artifact sup-
pression methods for CPWC imaging. To reduce the number
of transmission angles, Austeng et al. [4] proposed the use of
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an adaptive minimum variance (MV) beamformer. Although
this approach achieves a threefold increase in frame rate,
this beamforming method significantly increases computa-
tional complexity [5]. Instead of directly applying adaptive
beamforming, Hashemseresht er al. [6] introduced adaptive
angular compounding applied to radio-frequency (RF) images
obtained from PWI at multiple steering angles. In a related
effort, Afrakhteh and Behnam [7] proposed the use of tensor
completion (TC) to reconstruct missing RF data correspond-
ing to untransmitted angles in CPWC. While this technique
improves the frame rate, its performance strongly depends on
the randomly selected transmission coding pattern.

Alternatively, coherence-based methods have been explored
to enhance CPWC image quality [8[]-[12]. These techniques
primarily suppress noise and enhance contrast, but often at the
expense of speckle preservation and reduced signal-to-noise
ratio in deeper regions.

Advances in deep learning (DL) have enabled data-driven
approaches that show strong potential for high-frame-rate
CPWC imaging. [13[]-[15]. Despite their promising perfor-
mance, such methods typically require extensive training
datasets, costly computational hardware, and large model
architectures to achieve meaningful frame-rate improvements.

Diffusion models [16] have recently emerged as a powerful
framework for image restoration and inverse problems, owing
to their ability to learn rich data priors through iterative de-
noising. One approach is to employ diffusion models as priors
within a Bayesian posterior sampling framework. This was,
for example, effectively done for the problem of ultrasound
dehazing [17]], [[18]]. Asgariandehkordi et al. found that it is
also possible to leverage the generative process directly and
align the generative denoising process with the denoising of
ultrasound data [19]]. For example, in this study, they found
that for plane wave imaging, the disparity between low- and
high-compounded images approximately follows a Gaussian
distribution. This conveniently corresponds to the corruption
process of standard diffusion models. In contrast, we observe
that the difference between a CPWC RF frame, beamformed
with many plane waves, and one beamformed from only a few,
follows a more heavy tailed distribution.

Based on this hypothesis, we posit that the dominant degra-
dation observed in CPWC images acquired with a limited
number of plane waves is not governed by Gaussian noise, but



instead arises from heavy-tailed reconstruction errors induced
by angular undersampling and incoherent wave compounding.
In the case of a smaller number of PWs, incomplete angular
diversity, phase inconsistencies across plane waves, residual
sidelobes, and speckle mismatch give rise to spatially localized
and intermittently large deviations that are not adequately
described by Gaussian models. Based on this hypothesis, we
posit that reconstruction and denoising frameworks, particu-
larly diffusion models, that incorporate Laplacian priors or ;-
type noise assumptions, are better aligned with the underlying
CPWC noise statistics and can therefore achieve more accurate
and robust image recovery than conventional Gaussian-based
approaches.

Therefore, we propose a diffusion-based denoising frame-
work tailored to CPWC ultrasound imaging with a limited
number of angles. By explicitly incorporating Laplacian noise
modeling through ¢;-based objectives, the proposed method
aligns the diffusion process with the statistical characteristics
of CPWC reconstruction errors. Furthermore, by integrating
the forward noise model directly into the generative diffusion
process, we eliminate the need for explicit posterior sampling,
which is generally intractable for diffusion models and typi-
cally requires approximate inference schemes. Experimental
results demonstrate that the proposed method achieves su-
perior noise suppression and edge preservation compared to
Gaussian-based learning approaches, providing an effective
solution for CPWC denoising.

II. METHODS
A. Problem formulation

Let xo € RT*W denote clean CPWC ultrasound beam-
formed radio-frequency (RF) data reconstructed using a large
number of plane-wave transmissions by a delay-and-sum
(DAS) beamformer. Given the noisy CPWC beamformed RF
data y, reconstructed using a subset of the total angles used
to reconstruct xg, the objective is to recover xy by suppress-
ing residual noise and interference artifacts while preserving
anatomical structures and fine details.

Recent diffusion-based denoising approaches for ultrasound
imaging have largely relied on denoising diffusion probabilis-
tic models (DDPMs) and Gaussian corruption assumptions,
and rely on a Markovian forward diffusion process whose
increments are Gaussian [[16]]. However, as discussed in Sec-
tion [, CPWC images formed from a small number of plane
waves exhibit reconstruction errors with pronounced heavy-
tailed behavior, which are not well captured by Gaussian noise
models.

In this work, we introduce a Laplacian diffusion model
for CPWC denoising that explicitly accounts for the heavy-
tailed statistics induced by angular undersampling. Our method
builds on the Denoising Diffusion Implicit Model (DDIM)
framework [20], but replaces the Gaussian corruption process
with a Laplacian one and adopts an ¢; training objective.

Unlike the Gaussian case, the sum of independent Laplacian
random variables does not follow a Laplacian distribution.
Consequently, a DDPM-style formulation that incrementally

adds small Laplacian perturbations at each time step does
not yield a consistent Laplacian marginal distribution after
multiple steps. As a result, it is not trivial to construct a
reverse-time stochastic process for Laplacian noise, and the
derivations used in DDPMs become inapplicable.

To address this limitation, we adopt an implicit diffusion
formulation analogous to Denoising Diffusion Implicit Models
(DDIMs) [20]. Rather than defining a Markovian forward
process that accumulates noise over time, we specify the
forward process only through its marginal distributions at each
time step. Specifically, each noisy sample x; is generated
by directly perturbing the clean image x, with appropriately
scaled Laplacian noise.

B. Diffusion process with Laplacian noise

Following the DDIM formulation, we define a discrete-
time, non-Markovian forward process through its marginal
distributions. For each time step t € {0, 1,...,7T} the diffused
sample is generated as:

Xt = /X + V1 — aue, e ~ Laplace(0,b), (1)
where a; € (0, 1] is a monotonically decreasing noise sched-
ule. Contrary to regular denoising diffusion models, the noise
variable € is not Gaussian but Laplacian. Similarly, however,
€ is i.i.d. over pixels, and the scale parameter is set to b = \%
so that the corruption has unit variance. This construction
directly specifies the forward marginal p(x; | x¢) and allows
the sampling of x; at arbitrary time steps without requiring
the intermediate latent variables.

We parameterize a time-conditioned noise prediction net-
work eg(x;,t) with neural network parameters 6. The network
is trained to estimate the Laplacian corruption added at each
time step t using the following objective:

L(0) = Expi.c, [lleo(xt,t) — erll1], (2)

where €; ~ Laplace(0,b). This ¢; loss corresponds to max-
imum likelihood estimation under a Laplacian noise model
and provides robustness to the heavy-tailed noise observed in
CPWC imaging with few plane waves. The perturbed sample
x; is obtained using the forward model in (T).

At inference time, the predicted noise can be used to form
an estimate of the clean image:

%0 = Xt — \/]. — atGQ(Xt,t)
0 ,—at .

Reconstruction then proceeds via a deterministic implicit up-
date rule:

3)

X1 1 = Ja_1%o + /1 — ar_1ep(x, ). )

The question that remains now is where to initialize the
diffusion trajectory, which we detail in Section [[I-C|



Fig. 1. Examples of beamformed images of simulated datasets using the
zea simulator that are used for the training phase. The CPWC images were
beamformed using 75 angles consistent with the PICMUS database which is
used during inference.

C. Initial time step estimation

We expect the noisy observation y (measured CPWC RF
data) to lie somewhere on the diffusion trajectory and thus
correspond to a particular x;. To estimate at which diffusion
time step ¢, we need to initialize, we compare y to a high
quality reference image X, which corresponds to a CPWC
image beamformed using all available angles (75 PWs). For
each candidate time step ¢, an empirical noise residual is
computed as n; = y — /oy Xer. Given that the noise
component consists of unit variance Laplacian noise scaled
by the diffusion schedule, we can equate the empirical noise
variance to the theoretical variance Var(n;) = (1 — o). To
find the appropriate initial diffusion time step ¢, we can find
the time step that minimizes the difference:

t; = argmin ||[Var(n:) — (1 — o), - Q)
t€{0,....T}
Given the estimated time step ¢, the reconstruction is initial-
ized at z;_ and iteratively updated from ¢, — O using the
implicit reverse sampling update rule in (@).

D. Datasets

1) Evaluation data: To evaluate the proposed technique, we
use the standard Plane Wave Imaging Challenge in Medical
Ultrasound (PICMUS) database [21]]. Each dataset contains
75 steered plane waves covering the angle span from —16° to
16°. Each dataset is available in radio-frequency (RF) format.
The PICMUS experimental and in vivo datasets are recorded
using a 128-element linear array transducer. The height, width,
and pitch of the transducer elements are 5 mm, 0.27 mm and
0.3 mm, respectively. Additionally, the aperture length is set to
38.4 mm. The center frequency and the sampling frequency are
set to 5.2 MHz and 20.8 MHz, respectively. All of the images
are reconstructed using the zea toolbox [22].

2) Training data: To prevent any bias during training, the
training data must be distinct from the evaluation data. For this
purpose, we generate multiple CPWC images reconstructed at
75 angles ranging from —16° to 16° using the zea simulator
[22]], which serve as clean training data. A diverse set of
images is used as reflectivity maps in the simulations. Specif-
ically, the grayscale images encode spatially varying scatterer
reflectivity, which modulates the amplitudes of randomly dis-
tributed point scatterers within the imaging region. Initially,
a large number of scatterers are randomly and uniformly

Subtracted

[ Noise Histogram
- Laplacian PDF
|—— Gaussian PDF

Sample Quantiles

-0.5 0 0.5 1 -0.2 -0.1 0 0.1 0.2
Laplacian Value

Normal
Fig. 2. CPWC noise distribution evaluation: A) Beamformed CPWC [75
PWs]. B) Beamformed CPWC [11 PWs]. C) Beamformed residual obtained
by subtracting the beamformed RF data at 75 PWs from beamformed RF
data at 11 PWs (The subtraction is performed in the RF domain, but figures
are shown after log-compression and envelope-detection). D) Q-Q plot of
the residuals against Gaussian distribution. E) Q-Q plot against Laplacian
distribution. F) Log-likelihood test using Gaussian and Laplacian PDFs. The
log-likelihood for Gaussian and Laplacian is obtained as 0.89 x103 and 1.1
%103, respectively.
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Fig. 3. Adaptive estimation of ¢, for in vivo carotid data. The left plot shows
the starting time step fas a function of the number of compounded PWs. The
right plot illustrates the 5 PW case as an example. The gray region shows the
denoising interval used during the reverse diffusion process.

distributed across the field of view. The corresponding image
is then resized, mapped onto the same lateral-axial grid, and
interpolated at each scatterer coordinate (x, z) to assign a local
reflectivity value. An example of the resulting beamformed
images generated with this approach is shown in Fig. [I]

III. RESULTS

To characterize the noise introduced by angular undersam-
pling in CPWC imaging, we analyze the statistical distribution
of reconstruction errors obtained with a reduced number of
plane waves. First, a CPWC image beamformed using the
maximum available number of angles (75 PW) is treated as a
high-quality reference. For each lower PW setting, we subtract
the corresponding beamformed RF data from this reference,
such that the residual primarily captures the degradation
caused by limited angular compounding.

Fig. 2| presents this analysis for in vivo carotid data from the
PICMUS database, comparing 75 PW and 11 PW compound-
ing. The resulting reconstruction error distribution is clearly
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Fig. 4. Results of applying the proposed technique to the experimental cyst targets and in vivo carotid data in the PICMUS challenge data. All the beamformed
images are shown in 60dB dynamic range. First column shows the noisy data while the second column shows the denoised when using the Laplacian priors.
The third, fourth and fifth columns are shown histogram matched against the denoised Laplacian (second columns). The third clumn, shows the denoised
image when using the Gaussian priors. The last two columns show the beamformed images for CPWC [SPW] and CPWC [75PWs] histogram matched with
case denoised Laplacian (LAP: Laplacian, GA: Gaussian, PW: plane waves). A magnified view of the region indicated by the red box is presented for all

beamformed images.

Fig. 5. ROIs for gCNR evaluation for experimental (first column) and in vivo
carotid data (second column) in the PICMUS data. The the red and the green
respectively indicate the foreground and background regions.

non-Gaussian and is more accurately described by a Laplacian
distribution. This is evident from the strong deviations ob-
served in the Gaussian Q—Q plot and the poor match between
the empirical histogram and the Gaussian PDF. In contrast, the
Laplacian Q-Q plot closely follows the theoretical quantiles,
and the Laplacian density provides a much better fit to both
the sharp peak around zero and the heavy tails of the noise
distribution, as further supported by its higher log-likelihood.
This observation directly motivates the use of diffusion-based
denoising frameworks incorporating Laplacian priors or ¢;-
type noise formulations for CPWC imaging.

We evaluated the proposed method on two examples within
the PICMUS dataset. For efficient inference, we first estimated
the optimal starting time step of the reverse diffusion process
using (3). The estimated time step ¢, was computed for
varying numbers of PWs. As shown in Fig. [3] for the in vivo
carotid dataset, there is a clear monotonic relationship between
the number of PWs and the estimated starting time step ..
This highlights the impact of the noise level on the proposed
diffusion denoising process. Improved angular compounding
reduces noise and enables the denoising process to begin
earlier along the diffusion trajectory.

The denoised results and comparison with baselines are
shown in Fig. 4] We compare CPWC images acquired with a
low number of plane waves (5 PW) under different processing
strategies while controlling for visual bias through histogram
matching [23]]. The proposed Laplacian denoised image is
shown alongside the original 5 PW image, the Gaussian
denoised result, and the fully compounded 75 PW reference.
All images are histogram matched to the Laplacian denoised
image. Under these conditions, the Laplacian-based approach
produces visibly reduced background noise and sharper le-
sion boundaries. In contrast, Gaussian-based denoising yields
smoother images but with diminished contrast and partial loss
of fine structural details.



TABLE I
gCNR QUANTIFICATION FOR THE ROIS SHOWN IN FIG.

Experimental cyst targets  In vivo carotid

Method ROI #1 ROI #2 ROI #1
CPWC [5PW] 0.59 0.58 0.74
Denoised LAP [SPW] 0.77 0.87 0.83
Denoised GA [5PW] 0.66 0.59 0.8

CPWC [75PW] 0.80 0.75 0.83

Quantitative evaluation was performed using the general-
ized contrast-to-noise ratio (gCNR) [24]] over the regions of
interest (ROIs) shown in Fig. 5} The results, summarized in
Table I confirm that denoising with a Laplacian noise model
at 5 PW consistently leads to higher gCNR values for both
experimental cyst phantoms and in vivo carotid data compared
to the original CPWC [5 PW] and the Gaussian-denoised
case, and in several instances approaches the performance of
CPWC acquired with 75 PW. These results indicate that the
acquisition frame rate can be increased by up to 15x (from 75
PW to 5 PW) without compromising image quality in terms
of gCNR.

IV. CONCLUSION

This work establishes that reconstruction errors in low-angle
CPWC imaging exhibit pronounced heavy-tailed behavior that
is inconsistent with conventional Gaussian noise models. By
explicitly modeling this behavior using a Laplacian prior
within a diffusion-based denoising framework, we align the
generative process with the true statistics of CPWC degrada-
tion. Experimental results on in vivo data indicate improved
noise suppression and enhanced lesion contrast, reflected by
consistently higher gCNR values compared to Gaussian-based
denoising. These findings suggest that heavy-tailed diffusion
modeling is a promising and effective approach for improving
image quality in low plane wave CPWC ultrasound imaging.
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