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Abstract—We address in this paper the feasibility of the reent
compressive sensing (CS) technique for raw RF sigisa
reconstruction in  medical ultrasound. Successful CS
reconstruction implies selecting a basis where thsignal to be
recovered has a sparse expansion. RF signals repees a specific
challenge, because their oscillatory nature does neasily lend
itself to a sparse representation. In that perspeite, we propose
to use the recently introduced directional wave atms [1], which
shows good properties for sparsely representing wped
oscillatory patterns. Experiments were performed onsimulated
RF data from a cyst numerical phantom. CS reconstrction was
applied to subsampled RF data, by removing 50% to@% of the
original samples. Reconstruction using wave atoms ese
compared to reconstruction obtained from Fourier an
Daubechies wavelets. The obtained accuracies werethe range
[0.4-4.0].10°, [0.2-2.8].10° and [0.1-1.7].1¢%, using wavelets,
Fourier and wave atoms respectively, showing the periority of
the wave atoms representation, and the feasibilitpf CS for the
reconstruction of US RF data.
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l. INTRODUCTION

The recently introduced compressed sensing (CJnthe
allows — under certain assumptions — to recoverigaak
sampled below the Nyquist sampling limit [2-4]. Quessed
sensing (also known as compressive sensing or @ssige
sampling) can be applied for two main purposeis.can lower
the amount of data needed and thus allows to spged
acquisition. A typical example of such applicatisnrdynamic
MRI [5] ii) it can improve the reconstruction ofgsials/image
in fields where constraints on the physical actjoisiset up
yields very sparse data sets. A typical exampkeismic data
recovery in geophysics [6].

In this paper we are particularly interested in io&d
ultrasound, where this theory has not been invesihdeeply
even though there are applications that are extatendidates
such ase.g.triplex acquisitions [7] for CFM/B mode/Doppler
or 3D imaging using matrix arrays. In the later ajon
difficulty concerns the number of elements that esed to do
3D imaging [8]. For technical reasons this numiteutd be as
low as possible leading to a typical applicatiom foe CS
theory.

In a conventional configuration, an ultrasound oadi
frequency (RF) image is composed of RF-lines edaluhich

is beamformed using raw RF signals coming fromdilfferent
receive elements form the transducer. The aim efpper is
to show the feasibility using CS theory to recamdtrhigh
quality ultrasound images using less elementsropkal data.

The paper is organized as follows: in section B BS
theory is recalled, section Il presents the hois theory can
be applied for ultrasound image construction, sactlV
presents the results and the paper finished byewsion

Il.  COMPRESSIVE SENSING THEORY

Compressive sensing (CS) [3] allows the reconstmatf
a signalx dR" from a linear combination of a small number of
random measurementsdR™ m < n.

In a general setting, the measurementmay be acquired

in the so-called "sensing basisb, which depends on the
acquisition device. As an example, in MRb, is the Fourier
basis. In ultrasound® simply consists in the usual delta
functions, and we have

y = (1)
where ® is an m x n matrix. The columns @ have an entry
one at random positions and zero elsewhere, tharelueling
the random selection of the measurements.

At the heart of CS is the assumption thathas a sparse
representation in some model orthonormal b&sid.e.:

X =Yy

2)
where v has only s < m < n non zero coefficients. The digha
vis called s-sparse. CS theory shows that this ispaiows
an exact recovering efwith overwhelming probability for a
certain class of matrice®W [2]. In particular, the sensing
basis has to be incoherent with the model b5if9], which is
ensured by the randomness of the non-zeros comisooied .
Finally the problem can be written as follows:
y=dWYv=Av 3)
where A is an m x n full rank matrix (i. e. the m raws Afare
independent).

In these settings, the CS problem thus amountsite $3) for
v, under the constraint that is sparse. Once is estimated,
the signalx , can then be computed from (2).
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For matricesA with a specified isometry constant of Table 1: Simulation parameters

the so-called "restricted isometry property" (RIBgndéset | Parameter Value
al. [2] showed that the CS problem may be solved tjinahe | FO 3.5 MHz
following £o-minimization problem PO: Fs 25 MHz
PO U =argmin|v|, subject to y =Av (4) | Width 0.44 mm
VIR ° Hight 5mm
where thelo norm is|[v, ={i.v, # 0} Kerf 0.05 MM
o ° . . Number of elements 192
(5) thus implies that from all the possible solntoof (3), we [Ty elements 64
seek the sparsest one. In general, solving (4)Pihard. Sub- Tx apodization Hanning
optimal greedy algorithm attempt to solve this peab by Rx signals considered 128
successively adding non zero components to a SPAFE /Ry Focus 70 mm

approximation ofv . (see [10]).

By imposing a more restrictive bounds on the isoynet The beamformed data are calculated using the daiay
ConStant, the Sparsest solutionf (3) can be found by SOIV|ng sum beamformer using a constant Hanning apodizm"m

the following basis pursuit (BP) problem P1 [11]:12
P1 V=argmin|v|, subjecttoy=Av
VOR" '

®)

vi|.

where thet; normis||v|, =" |
T L=

the 128 Rx elements.

B. Reconstruction schemes

The original raw RF data were subsampled by rengpvin
varying amount of samples. The spatial position toé

The o-{; equivalence, using the RIP, was presented by Gandéemoved samples was selected according to a unifaneom

in [11] (see also [2]).

The framework described above assumes that we iges g
exact samples of the signal to be recovered. Brsgldom the

case in practice, since the measurements are viten o
corrupted by .noise. For reconstruction with measants

with additive noise, we have:

y=Av +e

(6)
where e represent a noise term of bounded endidy <e,
P1 can be then recast as [11, 13]:

pp V= ar%[gﬂrﬂv"(1 subject to y =y -Ax|, <& (7

In practical applications the signal is generalbt exactly
sparse but most of its coefficients in (2) are énvihen signal

law. CS reconstruction was then performed from the
subsampled data sets and beamformed images weseatpgzh
from the reconstructions. In the presented experispé0% to
90% of the original samples were removed.

The accuracy of the results was quantified by cainga
the CS reconstruction to the original data throtigh mean
absolute error (MAE), i.e.

13, -

MAE:NZ‘ - ®)
i=1

where f; ﬂ are the T pixel in the original and

reconstructed image respectively, aNdis the total number of
pixels. In order to get comparable results, thgioal raw RF

coefficientsy decays exponentially in absolute value, the signaflata were normalized to unity before processing.

is called ‘compressible’. The solution found by B)or P2 (7)
gives the approximation of by keeping its S largest entries.

I1l.  APPLICATION TOULTRASOUND IMAGING

A. Expérimental setup, Simulation parameters

In order to show that CS enables the reconstructiaaw
RF signals the following 2D simulations have beerfgomed.
The Field Il program [14] has been used to simufate RF
signals received by a 192 elements linear arrayperdhe
transmitted beams, as well as the received signaése
focused at 70 mm depth. Also notice that the dateeviirst
down sampled in the axial dimension by a factdP@ameters
are given in Table 1.

The simulated medium was a phantom with 5 hyped-&an
hypo-echoic cysts of dimensions 50 x 10 x 60 *nflateral x
azimuthal x axial) containing 100 000 scatterrers.

CS reconstruction was implemented by solving (7ugh
/1 minimization using the/q-Magic package [13]. In all
experiments the accuracy thresheldvas set to 0.1.

C. Reconstruction Bases

As mentioned in sectiolh, the quality of the reconstruction
depends on the sparsity of its representationamibdel basis
¥ . RF signals represent a specific challenge, secthey do
not easily lend itself to a sparse representaliéa.propose in
this paper to use the directional wave atoms basishe model
for RF data (see Figure 1).

! Rigorously speaking, directional wave atoms do mmimf an
orthobasis but a tight frame.



Figure 1: Example of directional wave atoms at 2 scales

Wave atoms have been recently introduced by Deman%{;

and Ying [1], who have shown that warped oscilkajoatterns

have a sparse expansion in the wave atoms basis It

informative to compare the wave atoms represemtdtiothe

usual wavelets. Whereas wavelets provide a muléisca

representation indexed by scale and location, wataens
provide a multiscale transform with frame elemeéntexed by

scale and locatioand orientationparameters. This last feature

makes wave atoms able to adapt to arbitrary locattibns of
oscillatory patterns. Applications of wave atomsclide
characterization of textural surfaces [15] and dimgint images
compression [16]. Besides the wave atom frame, ngidle
two other bases in our experiments for comparighe: Fourier
basis and the Daubechies db5 wavelets.
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Figure 2: Mean absolute error as a function of the number of

removed samples. The error is computed on the Rmfoemed
images after CS reconstruction using wavelets, Eownd wave
atoms.

V. RESULTS

Figure 2 shows the reconstruction MAE error asretion
of the subsampling rate and for each of the transased for
reconstruction. Quite consistently, it can be obseérthat the
error increases with the number of removed samplbatever
the reconstruction basis. The error correspondiogthe
wavelets takes the largest values, and the ersocided to the
Fourier basis shows intermediate values. The wiorsyield
the smallest error, whatever the subsampling rEte. errors
corresponding to wavelets and Fourier are in thieroof 4 and
2 times higher than the error associated to wav@sit

Figure 3(a) shows the images obtained after beaniigr
from the original RF data and from CS reconstructising
wavelets, Fourier and wave atoms. In this exampie,
reconstructions have been performed after remo8bip of

the original samples. Figure 3(b) displays the esponding
error images. These images are consistent withptaeious
finding, since they clearly show that the highestore is
associated to wavelet reconstruction, and thaivdnee atoms
reconstruction corresponds to the smallest errdratéver the
reconstruction basis, the higher error values aratéd in the
regions associated to large signal amplitude.

Figure 4(a) shows the results corresponding to ldige
envelope images, computed as the log of the Hilibanisform
of the beamformed RF images shown on Figure 3(guré&
4(b) displays the corresponding error images. Ruéhé log
eration which performs amplitude compression,direr is
w less localized and appears to be more evenbadpover
the image. The accuracy of the different reconstyos in
Figure 4(a) may be better observed on the smatlghtband
dark patterns located from the top to the middi¢hefimages:
these patterns are almost completely lost with VedseThey
are best preserved with wave atoms, while Fourieidy an
intermediate situation.

Original data Wavelet Fourier

Wave Atoms

Figure 3: (a) Beamformed images computed from the original
RF data and from CS reconstruction using waveletsri€&oand
wave atoms. Reconstructions are performed using 85%
subsampling. (b) Corresponding absolute error imalyete that

the errors images have been scaled in the int§dyad.01] for
better visibility.
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Figure 4: (a) Envelope images computed from the original RF

data and from CS reconstruction using wavelets, iEowand

wave atoms. Reconstructions are performed using 85% [12]

subsampling. (b) Corresponding absolute error imalyete that

the errors images have been scaled in the intfyv8] for better

visibility. [13]

V. CONCLUSION [14]
In this paper we have applied in this study CS

reconstruction to raw RF signals, using wave atoms.

Experiments performed on simulated RF data haveatet  [15]

that accuracy on the order of 231fhay be reached with wave

atoms based reconstruction using only 90% of th#alin [16]

samples, thereby showing the feasibility compre&ssiensing

(CS) reconstruction for raw RF signals in medidabsound.
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