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Ultrasound Imaging From Sparse RF Samples
Using System Point Spread Functions

Colas Schretter , Member, IEEE, Shaun Bundervoet, David Blinder, Student Member, IEEE,
Ann Dooms, Member, IEEE, Jan D’hooge, Member, IEEE, and Peter Schelkens, Member, IEEE

Abstract— Upcoming phased-array 2-D sensors will soon
enable fast high-definition 3-D ultrasound imaging. Currently,
the communication of raw radio-frequency (RF) channel data
from the probe to the computer for digital beamforming is a
bottleneck. For reducing the amount of transferred data samples,
this paper investigates the design of an adapted sparse sampling
technique for image reconstruction inspired by the compressed
sensing framework. Echo responses from isolated points are
generated using a physically based simulation of ultrasound
wave propagation through tissues. These point spread functions
form a dictionary of shift-variant bent waves, which depend on
the specific sound excitation and acquisition protocols. Speckled
ultrasound images can be approximately decomposed in this
dictionary where sparsity is enforced at the system matrix design.
The Moore–Penrose pseudoinverse is precomputed and used at
the reconstruction stage for fast minimum-norm recovery from
nonuniform pseudorandom sampled raw RF data. Results on
simulated and acquired phantoms demonstrate the benefits of an
optimized basis function design for high-quality B-mode image
recovery from few RF channel data samples.

Index Terms— Compressed sensing (CS), physically based
simulation, point spread function (PSF), ultrasound imaging.

I. INTRODUCTION

ULTRASOUND echographic modalities are a ubiquitous
choice for nonionizing real-time medical imaging. The

truly interactive nature of handheld devices provides the ability
to naturally capture motion. Tremendous benefits have been
demonstrated for various clinical applications and, in partic-
ular, for imaging structural heart diseases in interventional
cardiology [1]. Phased-array ultrasound probes for cardiac
imaging already allow 3-D data acquisitions at acceptable
frame rates [2], and latest advances in high-resolution solid-
state detectors enable measurements of strain in smaller struc-
tures for orthopedic applications [3]. Organs of interests are
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bundles of thin fiber structures, such as tendons, which are cur-
rently difficult to see with large low-frequency transducers [4].
Speckle tracking on such high-definition image sequences is
successful in capturing subtle local deformation patterns [5].

In high-definition 3-D ultrasound imaging, a large data set
of received multichannel echo responses should be recorded
for reconstructing each image line. Hardware-driven solu-
tions exist where the full raw radio-frequency (RF) data
are microbeamformed with dedicated electronic circuits on a
matrix probe [6] or more recently, a low-consumption FPGA is
programmed for beamforming up to 32×32 channels [7], [8].
For larger phased arrays, the necessary data bandwidth is
increasing with the surface area of the transducer and now
exceeds available resources for larger phased-array sensors.

For overcoming the data transfer challenge with a lighter
hardware design on the probe, this paper investigates a sparse
regularization prior for approximating RF channel data from
few scattered measurements only. The full data are represented
by linear combinations of a representative set of simulated
system point spread functions (PSFs). These smooth functions
form a dictionary of shift-variant bent waves that are tailored
to the specific geometry and acquisition protocol. The least
squares method is then used at the reconstruction stage for
robust recovery of complete RF channel data.

Several image reconstruction solutions have been recently
proposed in the ultrasound literature for tackling image recov-
ery from only a subset of measurements. A promising line
of works that we build upon is leveraging the compressed
sensing (CS) framework [9], [10] by exploiting sparsity for
regularizing the solution space. Regularization allows for dras-
tic reduction of the amount of recorded data with competitive
image quality. The book of Eldar and Kutyniok [11] gives a
view of CS in applicative imaging contexts.

Prior works in applying CS to ultrasound imaging have
been very successful. The CREATIS team investigated the
possibility of reconstructing the 2-D RF channel data cor-
responding to the set of raw RF signals collected by the
receiver elements [12], [13]. They introduce the use of wave
atoms [14] as a way to sparsely represent the RF channel data.
This tight frame exhibits nice properties when representing the
oscillatory patterns presents in this type of data. These basis
functions, however, are general and do not take the advan-
tage of the geometry and physical limits that generated the
data. Using such prior information is beneficial by implicitly
limiting the possible solution space [15].
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A statistical Bayesian view of the CS paradigm has
been experimented to mitigate the effect of measurement
noise [16], [17]. Distributed sampling has also been pro-
posed in order to combine the complementary information
from adjacent single RF channel signals [18]. Advanced
sparse regularizations using the least absolute shrinkage and
selection operator have been designed at the beamforming
stage [19], [20]. The work of David et al. [21] demonstrates
that sparse time-domain compressive beamforming can be
applied as well to cardiac imaging.

Beside the compressive sensing framework, alternative sub-
Nyquist sampling techniques are practical systems for process-
ing analog signals whose variations are assumed to follow
a finite rate of innovation bound. Dubbed “Xampling”
[22], [23], this methodology has been applied for 2-D [24]
and 3-D imaging [25]. The RF signal was modeled as the sum
of multiple reflected pulses by a finite amount of scatterers.
They assumed that all these reflected pulses are similar to
the transmitted pulse but weighted according to the scatterer
strength and distance to the transducer.

A more accurate modeling of the pressure wave propagation
is performed by Schiffner and Schmitz [26]. In their work, they
model the scattering by a planar ultrasound wave caused by
inhomogeneities in the adiabatic compressibility and density
of the tissue. The scattered field is calculated by integrating all
spherical waves emanating from the scatterers. The problem
is linearized by assuming all relevant scatterers lie on a fixed
grid. This approach was used to reconstruct images due to a
plane excitation from the transducer using CS.

In the latest work of Bodnariuc et al. [27], they introduce a
forward model for planar wave excitations where RF data are
modeled as the superposition of reflected Gaussian modulated
plane wave from spheres located on a grid. The obtained linear
system matrix is thus sparse and can efficiently be inverted
using regularized regression. Our solution also relies on ad hoc
dictionaries of similar PSFs. The aim of reaching ultrafast
imaging protocols is especially challenging as only planar
or divergent waves may be used instead of scanning modes
that focus the insonification beam [28], [29]. The approach
bypasses explicit reconstruction of RF channels and maps
directly data to beamformed image lines [30].

Ultimately, two essential ingredients are needed for image
reconstruction with CS: the choice of specific sparsifying
basis functions and the design of an adapted noncoherent
undersampling strategy [31]. In this paper, instead of using
parametric mathematical models, shift-variant adapted wave-
forms are generated from accurate PSFs that are calculated
by a physically based simulation. Our undersampling operator
uses pseudorandom samples drawn according to a smooth
importance probability density function [32] that is built from
the system’s spatial sensitivity function.

The remainder of this paper is as follows: the specifications
and geometry of our acquisition system and our sparse RF
channel data decomposition model are described in Section II.
Section III introduces physically based system PSFs as dictio-
nary elements, along with our importance-weighted random
sampling strategy. Experimental results on numerical and real
phantoms are shown in Section IV. Finally, we conclude and
propose tracks for future works in Section V.

II. SYSTEM MODEL AND IMAGE FORMATION

Starting from the acquisition side, a solid-state digital
ultrasound probe can only transmit few selected samples from
the full receiving RF channels on the host computer that in turn
recovers an approximation of the complete data. Subsequently,
the standard image formation pipeline is followed. This con-
sists of a delay-and-sum beamforming, envelope detection,
and log-transform for mapping sound pressure into image
intensities. The full RF channels recovery step interfaces
seamlessly after subsampling before beamforming and high-
frequency demodulation. For each line, a full RF matrix must
be reconstructed, thereby explaining the huge data reduction
factor from raw recordings to the lower definition image
display.

A. RF Channel Data Model
At the heart of our image reconstruction system, we took

inspiration from the compressive sensing paradigm that pro-
vides a robust generic framework for the reconstruction of
a full RF signal f ∈ R

N using only a small number of
measurements b ∈ R

M , where M � N . In the general
setting, these measurements are collected by correlating the
signal f with M sensing vectors φi , where i ∈ [1 . . .M].
The measurements thus take the form bi = � f, φi �, which is
generally written in matrix notation as b = � f . Vectors φi

are the rows of the sensing matrix �. This sensing operator
is implemented on the raw data receiving stage, at the read-
out electronics of the transducer, and possibilities are limited
by hardware specifications. We consider, in this paper, simple
random selections of samples.

We model RF channel matrices by a vector of coefficients
x ∈ R

L with the following linear decomposition:
f = �x (1)

that consist, e.g., of an expansion into functions ψ j that are
commonly chosen as Fourier basis functions or orthonormal
wavelets. The choice of basis functions is crucial for efficient
recovery of f from few samples and should be specifically
designed for the imaging domain at hand. As we will see in
Section III, we propose to use ad hoc basis functions based
on a physical model of sound transport in uniform tissues.

In CS, the signal f is supposed to be sparse in the base � ,
meaning that only a small number S ≤ L of coefficients x
are nonzero. In this paper, however, we do not aim at
exact reconstruction of sparse signals; but instead, we use
the approximation regime and search for the minimum of a
regularized minimum energy objective function.

B. RF Channel Data Reconstruction
We consider a large linear system of equations

b = � �
︸︷︷︸

A

f
︷︸︸︷

x (2)

for which a solution vector x is sought from the input data b.
Different regularization or approximation strategies must be
adopted depending on the amount of available data M = |b|,
relatively to the size of the solution L = |x |.
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When just enough data in b are uniquely defining a solu-
tion x , then the system matrix A = �� is exactly invertible,
and the solution is x = A−1 b. However, more often in
practice, an insufficient amount of measurements is available
to reconstruct a unique solution. The system matrix A is wide
(fat) in this case, and regularization priors are needed to select
a unique solution among all possible matching observations.

In this paper, we will first constrain the solution space x to
few representative speckle functions as elements of � . When
more data are collected than possible solution elements, then
the system matrix A is tall (skinny), and no exact solution
exists if all measurements are linearly independent. A standard
way to find an approximate solution is selecting the values of
x as to minimize the integrated squared residual difference
between the reconstructed data Ax and observations b. The
approximation problem is thus

argmin
x

||b − A x ||2 (3)

which can be solved with ordinary least squares methods.
Starting from M � L RF data samples b, we recover

solution coefficients x with least squares (minimum l2-norm
residuals) regression, as follows:

x = [A� A]−1 A�b (4)

where the square Gram matrix [A� A] depends only on the
modest number of basis functions in � and can therefore
be analytically invertible. The inversion of the whole left-
inverse system is actually implemented with Moore–Penrose
pseudoinversion. After coefficient recovery, a synthesis of the
complete RF channel matrix f̂ is given by the product f̂ =�x .

C. Beamforming and Envelope Detection

In order to visualize the final B-mode image, the above-
mentioned reconstruction problem is solved in series for every
of the j ∈ [1 . . . Nl ] image lines. A delay-and-sum beamform-
ing operator B averages RF channel entries over all channels
t ∈ [1 . . . Nc] for producing a single RF line. Each 2-D RF
channel matrix counts N = Ns×Nc data samples, and rows are
denoted f j = [ f j

1 . . . f j
Nc

]. This weighted sum accounts for
the whole incident waveform on the transducer and increases
both the contrast and the signal-to-noise ratio (SNR).

We obtain therefore the beamformed RF lines

l j = B f j =
Nc
∑

t=1

h(t) · f j
t ∈ R

Ns (5)

where the weights h(t) are obtained from the Hanning smooth
apodization window

h(t) = 1

2

(

1 − cos

(

2π(t − 1)

Nc − 1

))

. (6)

The RF line vectors l j still contain high-frequency infor-
mation originating from the carrier pulse frequency.

The following steps consist in extracting the brightness
mode (B-mode) image profiles by means of an envelope
detection using the Hilbert transform H; hence, l j

H = |H(l j )|.
Finally, for perceiving the full signal dynamic range, we apply

Fig. 1. Relation between the space-variant sensitivity function of the
ultrasound system and the geometrical curvature of localized PSF signatures.
Beamshaping yields a nonuniform insonification energy, which emphasizes
the focus point. The echo responses also get scattered and attenuated more
strongly further away than the focus point.

a log compression to a decibel (dB) scale and a linear rescaling
to the range of a 7-b gray-scale image

i j
dB = 20 · log10

(

l j
H/max(|lH|)) (7)

then i j = 127 + i j
dB · (127/60) (8)

where the constant max(|lH|) stands for the global maximum
absolute value after envelope detections, taken from the refer-
ence full-data beamforming. The vector i j is the j th vertical
line in the B-mode image I = [i1 . . . i Nl ] ∈ R

Ns×Nl .

III. PHYSICALLY BASED PSFS AND DATA SUBSAMPLING

We model the final B-mode image as being composed
of a linear combination of independent overlapping image
elements. Therefore, a suitable model for the underlying raw
RF channel data should ideally be designed starting from the
system PSFs of the imaging device. For instance, these PSFs
could either be modeled parametrically, or directly acquired
using a calibration phantom of isolated point scatterers in
water. In this paper, we computed PSFs using the ultrasound
simulation package Field II [33], [34].

Fig. 1 shows three of these generated noise-free basis func-
tions corresponding to three locations in the image domain,
where vertical shifts correspond to varying depth and hori-
zontal shifts that are parallel to the 1-D probe array situated
at the top. As we can see, the geometric curvature of the
wavefronts depends heavily on the location along the depth
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axis, and the PSFs capture these discriminative signal features
that are independent of the imaged sample.

Every scatterer in the physical world is generating a PSF
in the measured data space, and therefore, a continuum of
response functions exists. Since the number of visualizable
speckles in the B-mode image depends on the intrinsic pixe-
lated image definition, the set of visually important scatterers
is limited. The RF channel data images generated by their PSF
are, however, much more dense as the carrier ultrasound pulse
modulation is present in the RF data.

The decomposition of raw RF measurement into a small set
of PSFs provides a natural sparse data representation model
that is driven by physics. More importantly, when using a
physically based design approach, the collection of PSFs can
be tailored to the specific probe geometry and depends on both
the transmission and receiving stages of the imaging protocol.

A. Dictionary Construction

As mentioned above, f ∈ R
N is typically represented

using a sparse collection of coefficients from a (over-)complete
dictionary � , i.e., L � N [35]. Although this approach is
mathematically sound, it does present some computational
challenges when trying to reconstruct a signal where L is very
large. Therefore, we propose to only project acquired samples
on a smaller set of dictionary elements, i.e., L � M , which
are still able to capture the most relevant signal content.

Sparsity is, therefore, enforced at the construction stage
of the system matrix. This does not only allow for faster
reconstruction without numerical solver, using a subsequently
precomputed Moore–Penrose pseudoinverse, but also for dic-
tionary elements having a much larger support, which in turn
allows for a further reduction in the number of samples needed
due to the increased support of basis functions. The goal is
thus shifted from exact signal recovery to recovery of all visual
information implicitly present in the RF data channels.

To find a spatial representation of RF channel data, we
jointly treat all RF channels, meaning that the same physical
representation is used for recovering all RF channels in
parallel. As such, we treat the echo response as originating
from point scatterers disposed over a discrete 2-D grid of
scatterers located in the image plane. When imaging a single
slice, the spatial sensitivity function decays rapidly with the
distance to this 2-D cross section, and only in-plane scatterers
are effectively excited.

For representing RF channels, we define a 2-D grid con-
taining Nx × Nz scatterers rxz having coordinates

[(

x − Nx + 1

2

)

�x , Sz + z
λ

2

]

with

{

x ∈ [1 . . . Nx ]
z ∈ [1 . . . Nz ] (9)

with the lateral element pitch �x , the distance offset Sz from
the probe surface to the first imaged row and the wavelength
of the excitation pulse λ = c/ f0 with the speed of sound in
tissue c = 1540 m/s, and the emission impulse frequency f0.

The grid dimensions Nx and Nz depend on the lateral
resolution of the transducer and the image depth of field,
respectively. In the experimental simulation case for instance,

Fig. 2. Uniform versus importance-weighted random sampling patterns for
the full RF channels data. As the beamforming step uses a Hanning window
for progressively discarding distant channels from the central line profile, we
concentrate the data collection on the more important samples.

we consider a linear scan sequence using a 1-D array trans-
ducer with a lateral definition of Nx = 64, which is equal
to twice the number of transmitting elements while the axial
precision depends on the excitation pulse frequency such that
Nz = 	60 mm · 2 f0/c
 = 273 for f0 = 3.5 MHz.

In the following steps, the RF channel data fxz are collected
using Field II for each point scatterer rxz separately, by jointly
setting the focus at (0, 0, 60) mm. This approach allows us to
see how each point reacts separately to insonification by the
transducer. By grouping all these responses in a dictionary,
it is possible to trace distinct structures in RF channel f j to
similar features in one or more of the PSFs fxz , because each
of them is linked to a spatial location (x, 0, z). The columns
of the matrix � are obtained by lexicographically reordering
the PSFs fxz .

B. Dictionary Pruning

Finally, we evaluate the energy of each echo responses and
reject grid vertices if their energy falls below a prescribed
threshold. This step is essential for shaping the dictionary to
the most important spatial PSFs. The decomposition of raw
RF measurements as a sum of PSFs provides a natural data
representation model that is driven by physics. As mentioned
before, dictionary elements can be tailored to the specific
probe geometry and depend on both the transmission and
receiving stages of the imaging protocol.

In linear array ultrasound systems, a designed excitation
pulse is used for focusing all acoustic energies along a line.
One can calculate the amount of energy received by the point
scatterer rxz by integrating over time

E(rxz) =
∫

t
|p(rxz, t)|2 (10)

where the associated PSF response is

p(rxz, t) = ρ0
δvn(t)

δt
∗ h(rxz, t) (11)
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where p(r, t) denotes the pressure at location r for time t given
the medium density ρ0, the transducer surface vibration vn(t),
and the spatial impulse response h(x, t), which characterizes
the 3-D extent of the insonification field [36].

All in one, given a mimimum absolute integrated energy
bound T > 0, the restricted set of PSFs is

� = {p(rxz, t) if E(rxz) > T }. (12)

Such thresholding of the PSF grid reduces the size of the
dictionary. This trimming is based on the fact that not every
point on the spatial representation grid will be insonified
with the same intensity. Consequently, not every coefficient
in the data domain is equally important when representing the
RF data. Some points on the grid will even not receive any
acoustic energy at all and can be rejected, since their influence
on data representation is void.

C. RF Channel Data Subsampling

For generating the sampling matrix �, we compared both
uniform and importance sampling strategies, using the same
Hanning weighting function as used in the receiving beam-
forming stage. Fig. 2 compares the two uniform and impor-
tance sampling masks. For adaptive sampling, we generated
first uniformly distributed points that were warped according to
the density function, using a single-step inversion method [32].
From experiments, we got systematically better results with the
importance sampling strategy that smoothly discards samples
in function of their lateral distance to the imaged line. This
nonuniform importance sampling strategy is consistent with
the weighting of RF channels that is used in the beamforming
step for constructing RF lines from full RF channels.

In experiments, we compare the images reconstructed with
the same sampling realization such that solely the effects of
dictionary size and sparse matrix approximation are compared.
We averaged over many realizations to confirm the repro-
ducibility. A sparse matrix approximation refers to the classical
sparse matrix data structure where only nonzero elements are
encoded, along with the locations inside the matrix.

IV. EXPERIMENTS

For our evaluations, we reproduced the experimental setup
of Liebgott et al. [13]. Fig. 3 shows the specific imaging
geometry considered in the simulation case and the corre-
spondence of spatial positions to pixel indices in the resulting
B-mode image space. Parameters of the acquisition protocols
are summarized in Table I. We used the conventional numeri-
cal cyst phantom shown in Fig. 3 (left) and generated ground-
truth RF channel data. The impact of subsampling on the
B-mode image reconstructions was then evaluated. In the
second phase, we reconstructed their acquired RF channels
data set using a Prosonic L14-5W/60 linear probe on a CIRS
054GS general purpose phantom.

A. Numerical Phantom and Simulations

The numerical cyst phantom contains three columns of five
aligned cylinders: five aligned high-scattering point sources,

Fig. 3. Geometry of the considered ultrasound imaging system. Left: probe
acquires a subset of measurements. Right: reconstruction problem is solved
on the remote computing unit for recovering raw channel matrices at each
lines of the B-mode image approximation.

TABLE I

EXPERIMENTAL PARAMETERS

five higher scattering regions, and five corresponding regions
of diameters ranging from 2 to 6 mm containing no scatterers.

The tissue was represented as a discrete set of 105 point
scatterers uniformly filling a volume of size 50 × 10 ×
60 mm. For creating a background of speckles, each scatterer
was accompanied by a normally distributed random acoustic
impedance denoting the reflectivity to incoming pressure
waves due to perturbations in density and propagation velocity.

Five cysts were placed with center x-coordinates at 10 mm
and z-coordinates at 10 mm apart starting at 40 mm. Their radii
decreased from 6 to 2 mm. Their placement was achieved by
setting as for all scatterers p inside the affected region to zero.
Conversely, tenfold higher intensity areas were placed with
x-coordinates located at −5 mm with increasing radii. We
then generated noise-free ground-truth RF channel data from
the numerical phantom, using the Field II simulation package.

A 2-D slice was imaged from the phantom, coinciding with
the surface [−20, 20] mm × [0] × [30, 60] mm. For this, we
simulated the RF channel data produced by a linear transducer
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Fig. 4. Spatial system sensitivity function in the image field of view beginning at 30 mm from the transducer surface until 90 mm deep in tissues. Row-wise
normalizations and thresholding yield a limited selection of potentially most important PSFs for representing RF channel data.

Fig. 5. Projection of full RF data on dictionaries of selected system’s PSFs. A limited dictionary size is sufficient for approximating the full data, since not
every possible point location has equal importance on the received echo signals in RF data space.

containing Ne = 192 piezo-electric elements. In total, Nl = 50
RF channels f j ∈ R

Ns×Nc are recorded for each image line
where Nc = 64 is the number of receiving channels while
Ns = 	60 mm · 2 fs/c
 = 1948 is the number of samples
taken per channel. This last quantity depends on the sampling
frequency fs and the depth range of the phantom.

The transducer was placed Sz = 30 mm away from the
beginning of the B-mode image support, and the focus distance
was 60 mm. Each element transmits a delayed acoustic pulse
ensuring maximal constructive interference at the focus point.
The echo response recorded by the Nc receive elements over
time constitutes the RF channel data f j for line j ∈ [1 . . . Nl ].
B. Reconstructions From Simulated Data

For building the dictionary of PSFs, we first created a regu-
lar grid of Nx = 64 times Nz = 273 isolated point scatterers.

The covered imaging area was 31.4 mm wide, according to the
lateral pixel pitch of the probe. The depth range was 60 mm.
Point scatterers are spaced 0.49 mm in azimuth direction
and 0.22 mm in depth. This in turn corresponds to the
width + spacing (kerf) of probe elements and half the wave-
length of the transmitted signal.

The raw RF channel data were collected separately using
the Field II simulator for each of these point scatterers, with
the same insonification and receiving beamforming proto-
cols as the one used for the reference B-mode image. We
experimented various thresholding constants for selecting the
final dictionary size, as shown in Fig. 4. For an acceptable
approximation quality, we set the thresholding constant to 75%
of the maximum value in the row-wise normalized spatial
sensitivity function image. The effect of projecting the full
RF channel data on dictionary elements is shown in Fig. 5.
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Fig. 6. Reconstructions from subsampled RF channels data using a thresholding factor of 75% for building the dictionary of basis functions. Residual image
artifacts appear progressively with increasing subsampling rates. A good recovery of speckles is preserved when using up to about 5% of recorded samples.

Given the full data f , we solve the linear system

���x = �� f ⇐⇒ x = [���]−1�� f. (13)

As we can see, a fair image fidelity is reached with a modest
set of representative PSFs in the dictionary.

Then, we conducted evaluations for various subsampling
rates, as seen in Fig. 6. Since we recorded 64 RF channels
instead of 128, a sampling rate of 40% corresponds to the same
absolute number of samples than the 80% subsampling case
in the publication of Liebgott et al. [13]. Only unstructured
changes are visible on the corresponding difference images. At
10% of the samples, we observe a relative drop of 2.77 dB in
terms of SNR, while the speckles are still visually preserved.
At much higher downsampling rates, the quality of the B-mode
image degrades with prominent artifacts that are especially
visible in the nonechoic regions.

We evaluated the wallclock reconstruction times as a func-
tion of the approximation tolerance that was used for spar-
sifying the complete system matrix. The tolerance parameter
is a numerical relative approximation threshold that is used

to snap very small matrix elements (in absolute value) to
exactly zero. This allows for very fast sparse matrix-vector
product computation. This system reconstructs the RF lines
from samples and is build from the concatenation of the
pseudoinverse in (4) for coefficient recovery, the full dictionary
� for RF channels synthesis, and the beamforming summation
operator that was encoded as a sparse linear system filled with
Hanning window weights. All in one, the complete chain from
data sampling b = � f to beamformed RF lines l = B�x
is retrieved by concatenating recovery and synthesis with the
beamforming linear operator B . Hence, the complete end-to-
end chain expands to

l = B�[A�A]−1 A�b with A = ��. (14)

Timings are summarized in Table II, and the relative
quality loss in comparison to a nonsparsified dictionary is
shown in Fig. 7. With an approximation tolerance of 0.1%,
the synthesis quality drops slightly for a remaining sparse
matrix storage of only 26 MB. A key motivation for imple-
menting the beamforming operator in the system matrix is
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Fig. 7. Impact of system matrix sparsification on the fidelity of fully beamformed RF line synthesis for the representative case of 10% samples. A slight
relative approximation tolerance results in significant savings in computational costs, with modest relative impact on the residual image.

that only the final beamformed RF lines should then be
explicitly synthesized.

These timings were recorded on a regular workstation
with a 3.4-GHz Intel Core i5 CPU and 8 GB of RAM,
using the MATLAB implementation of sparse matrix-vector
products in double precision floating points. The running
time is memory bound, and further accelerations are probably
possible by storing the matrix on fixed-point precision integers
and parallelizing the reconstruction of individual image line.
Furthermore, the reconstruction timings are the sum of 50
independent lines that are processed sequentially. Therefore,
a sliding window pipelining of each reconstruction task is
possible by exploiting more computing cores in parallel using
the same sparse version of the system matrix stored in shared
memory. Such an implementation will allow for real-time
imaging with even higher definition ultrasound probes.

C. Reconstructions From Acquired Data

Finally, we reconstructed the real physical phantom acqui-
sition data set, and the resulting images are shown in Fig. 8.
We used an approximation tolerance of 1% and reduced that

TABLE II

SPARSE INVERSION AND DATA SYNTHESIS FROM 10% SUBSAMPLING

way the system matrix storage size from 210 MB for a dense
representation to only 9.78-MB sparse representation. The size
of the system matrix was smaller than in the simulations,
but only 32 instead of 64 RF channels were used in the
receiving beamforming stage, leading to a fourfold reduction
in dictionary matrix size. We subsampled the 32 remaining
data channels after delay rectification and Hanning window
apodization. Since the data space was smaller than in our
simulations, reconstructing the 192 image lines, including
beamformed and envelope detection, took only 0.315 s, using
the approximate sparse system matrix.



324 IEEE TRANSACTIONS ON ULTRASONICS, FERROELECTRICS, AND FREQUENCY CONTROL, VOL. 65, NO. 3, MARCH 2018

Fig. 8. Comparison of the reference B-mode image and the projection from full data on a dictionary of 4760 PSFs corresponding to a relative threshold
of 75% from the maximum row-wise normalized spatial sensitivity function. The representative reconstruction from 20% is still closely resembling
the full-data result with more severe artifacts in the near-field region. As a baseline, the plain delay and sum beamforming from sparse samples are
shown.

TABLE III

QUANTIFICATIONS IN THE LESION VERSUS BACKGROUND ROIS

For this experimental use case, it was difficult to obtain
good agreement between the responses from our simulated
point scatterers response functions and the strong geometric
bent that we observed in raw acquired RF channels. Therefore,
artifacts are more visible in the near-field region, where we
observed a noticeable mismatch between predictions from our
simulation model and the actual rectified RF channels from
the imaging device. However, the recovery fidelity of small
structures is remarkable, and speckles are well developed in
the larger echoic ball, as well as in the background.

Table III summarizes quantitative evaluations comparing
two regions of interest (ROIs) fully enclosed in the high-
echoic circular region representing a lesion and a reference
displaced region in the background. ROIs correspond to the
gray and black discs in the first image of the second row in
Fig. 8. The contrast-to-noise recovery ratio (CNR) is evaluated
as the absolute difference between the SNRs in the lesion
and background area. The CNR decreases, as expected, in
the reconstructed image from fewer samples. However, the
relative loss between the projection from full data and the
reconstruction from samples is modest, compared with a
straightforward beamforming from input RF samples.

The discrepancy between the 20% image reconstruction and
the reference B-mode image was evaluated in dB units, after
log compression using the same formula as in [13], where
the authors reported a mean absolute error of 5.5 dB when
using an overcomplete wave atoms representation of RF data
and sparsity promoting minimum l1-norm regularization prior.
In comparison, our approximated image presents an average
relative loss of 2.24 dB only while the associated sparse
precomputed system matrix allows for imaging at interactive
frame rate by discarding four out of five data samples.

V. CONCLUSION

This paper follows a continuity with previous efforts
in translating inspiration from the CS framework to high-
definition ultrasound imaging under strict transmission band-
width constraints. The method was developed for providing a
practical solution for recovering volumetric ultrasound images
from large phased-array probes, within the bandwidth capacity
of current counting electronics. The data processing chain is
combining a domain-specific design of basis functions, an
importance-weighted random sampling strategy, and a precom-
puted minimum-norm inversion solver.

We have chosen to form dictionaries of sampled apodized
PSFs. Such a design is incorporating the effects of the whole
data acquisition process from the transmission of a focused
excitation impulse to the reception of echo measurements.
However, a principle limitation of the approach is that all
relevant secondary physical effects might not be captured
solely by simple linear combinations of PSFs. For example,
the aberrations generated by the space-variant speed of sound
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transmission in different tissues’ densities play an important
role in actual ultrasound measurements.

An adaptive importance sampling strategy has been used
under the assumption that a constant data collection bandwidth
is required. The sparse data sampling stems from a combina-
tion of random point generations that are warped following
the Hanning window that weights the importance of each data
sample. In future work, we will investigate the potential of
buffering samples on the probe for allocating a larger sampling
budget on the near and far regions from the image depth, where
the reconstruction problem is more difficult to solve. This
translated to nonuniform residual losses in the experiments.

There is still potential in further refining the sensing stage
by sharing information among several raw RF channel data.
Indeed, the current imaging pipeline considers the independent
reconstruction of each RF line. This segmentation allows for
the natural parallelization of the RF channels reconstruction.
However, it would be interesting to make use of sampled
information from adjacent RF lines in order to complement
globally the corpus of missing data for the whole image.
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