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Abstract—In fast pulse-echo diagnostic ultrasound imaging
the acquisition time for a single image is crucial. This time
depends significantly on the number of sequentially emitted
sound waves. For fewer wave emissions the inverse scattagin
problem is increasingly ill-posed. In this contribution we establish
and investigate a solution based on compressive sensing (CEhis
approach accounts for the lack of measurement data by assumgj
sparsity of the material parameters in an arbitrary basis. Using
measurements obtained from a wire and a multi-tissue phantm,
we evaluate the performance of our CS solution in comparisomo
synthetic aperture focussing, delay-and-sum (DAS) beamifming
and filtered backpropagation (FBP). Emitting only a single gane
wave, the CS approach yields the best results for the sparseine
phantom in terms of sidelobe reduction and lateral -6 dB-widhs.
For the non-sparse multi-tissue phantom, we observe equilent Fig. 1. Classical scan configuration employed in two-dinmre pulse-echo
results for CS, DAS, and FBP when a single plane wave is emitle ultrasound imaging.
and a discrete cosine basis is employed as sparsifying trefosm.

. INTRODUCTION signals[[2]. Assuming sparsity of the signal in a suitablsiha

For real-time visualization of time-variant processes iits aim is to reconstuct the signal from only few physical
diagnostic ultrasound imaging (e. g. heart motion, blood ameasurements. CS has been adopted in different medical
contrast agent flow, trajectory of propagating shear wavegjaging modalities, e. g. magnetic resonance imaging [3]
the acquisition time for a single image is crucial. This timand photoacoustic tomograpHyl [4]. While maintaining image
depends on the number of sequentially emitted sound wavegality, a significant reduction of the number of measuremen
the maximum penetration depth, as well as on the speeda@id thus of acquisition time was achieved [3], [4].
sound in the investigated medium. In this contribution we investigate the performance of CS

Established B-mode or synthetic aperture (SA) concepisfast pulse-echo ultrasound imaging. Although special em
usually utilize a large number of sequentially emitted sburphasis will be laid on the experimental investigation of the
waves (on the order of 64 — 512) to acquire a single imaggvo-dimensional imaging case, the established matheatatic
They are thus relatively slow. Alternative concepts, like t framework is valid for the three-dimensional case as well.
emission of only few plane or spherical waves combined with
delay-and-sum (DAS) beamforming or filtered backpropaga- [I. MATHEMATICAL FRAMEWORK
tion (FBP) [1], allow fast image acquisition, however, the . . .
resulting images often suffer from a degraded lateral it A. Solution To The Wave Equation For Inhomogeneous Media
and reduced contrast in comparison to B-mode or SA imagesThe classical scan configuration employed in two-

One major cause for these drawbacks is that the inverse scfitaensional pulse-echo ultrasound imaging is illustraied
tering problem arising in pulse-echo imaging configuraien Fig.[d. An inhomogeneous medium (gray region) with com-
usually ill-posed. Measurements of the scattered sounskechupressibility x; is surrounded by a homogeneous medium with
by only few emitted sound waves are insufficient to recomstruconstant compressibility,. The space occupied by the inho-
an arbitrary distribution of material parameters. Thisijesn  mogeneous medium is described by the®et R\ {z < 0},
becomes even more significant in three-dimensional ultrago wheren € {2, 3}. Forr € R™, compressibilitys is then given
imaging. For a high-quality reconstruction, additionaln€o by
straints are necessary.

Recently, compressive sensing (CS) has been introduced K(r) = {Hl(r) forr € Q,
as a concept for the fast acquisition of compressible noisy Ko forr ¢ Q.

This research is part of ForSaTurn (http://www.forsaturh.dponsored An incident sound wave propagating through the homo-

by Ziel2.NRW “Regionale Wettbewerbsfahigkeit und Beaftigung” 2007 — di . d withi d he b d
2013 co-financed by the European regional development fERDE), grant geneous medium Is scattered within and at the boundary

no. 005-0908-0117. of the inhomogeneous mediufa. Assuming monochromatic
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perturbations with angular frequeneythe acoustic pressureThe parametety, consequently becomes
p is governed by the equation![5]

N—-1
(A + ko2)p(r) = m(r), ) Yu(®) = D Awib(r — 1), ()
=0

whereA denotes ;tth Laplaciatty = weo ™ is the wavenum- \yhere N — N, N, is the total number of lattice points. The
ber, co = (kopo)~/? is the small-signal sound speed in theattice is illustrated in Figlll fon = 2.

homogeneous medium; is the constant mass density of both | pyise-echo ultrasound imaging both the acoustic pressur

media and p and v, in Q are usually unknown. There exist different
m(r) = ko’ . (r)p(r), (2)  approximations in literature in order to reduce the number o

with the relative deviation,.(r) = 1—k(r)ro . The acoustic Unknowns in{} to ., e.g. theBorn or Rytovapproximations
pressurej in time domain is related tp via the identity [B]. In a first step, we employ the first Born approximation.

_ The acoustic pressure in the integral in[(B) is replaced by

p(r,t) = Re{p(r)ej“’t} ‘ the incident acoustic pressupg. For the sake of simplicity

Without loss of generality, the acoustic pressuiee pi,+ps. We assume plane wave excitation. Thus
is assumed to be the sum of the incident acoustic preggure Pin(r, €9) = Ain(ko)e Foeo ", (6)

and the scattered acoustic presspyein each point. The in- ] . o

cident acoustic pressure satisfies the homogeneous Haimh@here e, denotes the unit vector in the direction of prop-
equation and describes the sound field present without g#ation anddi, is the frequency-dependent complex-valued
medium inhomogeneities. The scattered acoustic pregsure@MPplitude. Pluggind(5) andl(6) intdl(3) yields

is solely caused by the inhomogeneous medium and satisfies N-1 .

the Sommerfeldradiation condition[[5],[[6]. The solution for  psc(r, eg) = ko Ain(ko) > e /¥ ¥ G(r —1;). (7)
the acoustic pressurg is then implicitly described by the i=0

Lippmann-Schwingeequation Assuming an(n — 1)-dimensional linear array transducer

with N elements, the scattered acoustic pressure can be mea-
p(r) = pin(r) + k02/ Ve (' )p(r")G(r = )dr',  (3)  sured at equidistant discrete locations on:thaxis (» = 2) or
& on the plane = 0 (n = 3). Let és, denote the spacing of the
transducer elements on theaxis. Forn = 2, the measurement
(4) locations are elements of the set

Ne— 1

: L . M:{rmyleRQ:rmyl:(l— ¢l

denotes the free space Green's function satisfying thatiadi 2
condition and Using vector-matrix notation, we define thé, x 1 vector

A + ky? = T
( + Ro )G(r) 5(1‘), Psc(km 919) = (psc(rm,oa eﬂ)a cee apsc(rm,Na—l, 919)) )
[|lr]|, is the L2 norm ofr (Euclideanlength),Hég) denotes the the N x 1 vector

zero-ordeHHankelfunction of second kind and indicates the T
n-dimensionaDirac delta distribution. Y = (Vry0s - Ve, N-1)

where @
THP (ko |lr]l,) for n =2,

G = —jkolirllg
(r) { 1 e—dkolrll for n = 3,

BRI

)53,19170 << Nel}-

B. Inverse Problem as well as theVe x N matrix

In ultrasound imaging the goal is to reconstruct the param-  Gy.i(ko, e9) = ko> Ain(ko)e 70 TG (rmy — 1;).
eter~,, within a specified field-of-view (FOV) from measure-— . .. h wavenumber the identity
ments of the scattered acoustic pressugeat a finite number
of discrete locations on the-axis (» = 2) or on the plane Psc(ko, e9) = G(ko,e9)7y,
z =0 (n = 3). In this contribution we assume that can be 4o
approximated by point scatterers located on a regulacdatti
The spatial extent of the lattice determines the FOV. A simil

For broadband insonification withVv, different
wavenumbers thus

approach was presented [ [7] to solve an inverse scattering G (ko,0,€9)
problem assuming plane wave far field conditions using CS. Psc(ey) = : Ve = Gles)y., (8)
Letry = (20, 20)" € R?\{z < 0} denote an arbitrary offset G(ko.N,—1,€0)

vector,e_z_ ande, |n_dlcate the unit vectors in the direction OfwhereG(eﬂ) is a complex-valuedVy Ny, x N matrix.
the positive coord!nate axes, and B, N, o, an-d 0. be The parametery,, can then be recovered by solving the
the number of lattice points as well as the spacing betweggnvex optimization probleni]2]

adjacent lattice points on these axes. kot 2, the lattice

can then be defined as the set Y = argrrjljn Ix|l;, s.t [|G(es)x — pscles)|ly, <€ (9)

xeC

L={r;eR?:r; = 20 /20 _ . .
{ri €R™: i =710 +indse, +1:0:05, where [|x|, = SNV ;" || is the L' norm of x and ¢ is a

0 <ig < Ny 0 <ip < Nayi =i N, +12 ) measure for noise and inaccuracy of the physical model.



C. Implementation 40 —/ 0
The optimization probleni{9) was solved using SPGL1 [9 _
This algorithm requires efficient implementations of the scE 45 £
1-10
called forward and backward operators. The forward opera™; =
is the multiplication with the matrixG(ey) in (8). The = g, s
backward operator is the multiplication with the Hermitiat | 20
conjugateGH(ey). Implementing the respective matrix-vecto
multiplications requires careful memory allocation. Fqrab- 10 -5 0 5 10 °0 5 0 5 10
lem of typical size, e.gN, ~ 400, N, ~ 600, Ng ~ 128 lateral = (mm) lateral z (mm) .30
and N, =~ 1000, the memory occupied by the measuremel (a) SA (b) DAS
matrix G(ey) is approx. 458 GB, assuming complex-value 4 40
arithmetic with 64 bit double precision. Consequently, th 40
storage of all matrix elements in random access memory = =
impossible on standard PCs. Instead, each matrix elemg 45 545
has to be recomputed during the matrix-vector multiplice® X 50
. . © @ -
tion. The necessary computations lend themselves forlparax 50 % 50
processing. We employed a Tesla C2070 (NVIDIA Corp
Santa Clara, CA, USA) GPU computing processor with 32 k 5 -60
single precision. For simplicity, the Hankel function [ip) (das -10 -5 0 5 10 10 -5 0 5 10
replaced by its asymptotic forrh [110] lateralz (mm) lateralz (mm)
(c) FBP (d) cs
(2) 2 ikl ) . . -
H, (ko ||I‘||2) ~ TC 24 Fig. 2. Images obtained from phantom A (four wires, diamefr um)
ko ||r||2 for (a) full SA approach, (b) DAS, (c) FBP, and (d) CS. In (s) = 128

) ) single element emissions were used while in (b), (c), ando(dy a single
that is valid for||r|, > A. plane wave was emitted. Parameters we¥e: = 401, N, = 601, N, =
1008, 6, = §. = 100 pm (except for FBR), = 101.6 pm),ey = e,

[1l. EXPERIMENTAL VALIDATION €= 0.2[pse(es) |- Al values are in dB.

A. Experimental Setup

We acquired measurement data from two phantoms usig¥citation with plane waves as well as a filtered backpropa-
a linear array transducer L14-5/38V§ = 128 elements) 9ation (FBP) procedure (see [1] for details) were investida
connected to a SonixTouch Research system (Ultrasonix M&gsides SA. As the presented approach, both algorithms use
ical Corp., Richmond, BC, Canada). For both phantoms, fifleasurement data obtained by a single plane wave emission
synthetic aperture (SA, cf[11]) scans were performed. H8) and thus lend themselves for fast imaging. The unknown
enhance signal-to-noise ratio (SNR), we computed the geer&PectrumAin in (€) was assumed constant with a linear phase.
of 80 scans for each phantom and applied a digital baHd practice, it depends on the exact transfer function of the
pass filter. The averaged and filtered SA data were usedti@nsducer array and the excitation voltage.
compute a reference image for each phantom and to synthesize ,
measurements that would have been obtained by plane wEveEXPerimental Results
excitation [6) withey = e.. Details of the images obtained from phantom A are shown

Phantom A was employed to demonstrate the ability of our Fig.[2 for all four reconstruction procedures. The recede
approach to reconstruct sparse parametgrdt consisted of images using DAS (b) and FBP (c) suffer from strong sidelobe
four wires (diameter: 50 um) immersed in a water reservoartifacts due to the missing transmit focussing. These are
The wires were located at an axial distance between 43 meduced in the SA approach (a) by increasing the number of
and 53 mm from the transducer array. The lateral spacisgquential wave emissions, and thus by introducing transmi
between the wires was about 3 mm to 5 mm. The small-sigrfatussing retrospectively. Although only one plane wavésem
sound speed was assumed tocge= 1502 ms?t. sion is employed, the presented CS approach (d) eliminates

Phantom B was a CIRS model 040 multi-purpose ultrasousitielobes completely. Fi§l 3 displays the axial (a) andrddte
phantom (Computerized Imaging Reference Systems, Norfo(k) image profiles obtained by summing the absolute values
Virginia, USA). The phantom was used to investigate th@long each axis. Obviously, DAS (dash-dotted) and FBP
ability of our approach to recover non-sparse parametgrs (dotted) as well as SA (dashed) and CS (solid) yield similar
and to handle attenuation (0.5 dB MHzcm™1). We used a axial -6 dB-widths (also solid). The lateral -6 dB-widths@®
discrete cosine transform to sparsify,. Small-signal sound are clearly smaller than those achieved by SA, DAS and FBP.
speed was assumed to bg= 1540 ms®. Details of the images obtained from phantom B are shown

In order to compare the presented approach to existiimg Fig. [4. In contrast to phantom A, sidelobe artifacts are
concepts, a delay-and-sum (DAS) algorithm adapted to thet visible. The wires in (b) and (c) exhibit a similar latera
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(c) FBP

anechoic regions are clearly visible in (b) and (d). The dinit
aperture causes the FBP image (c) to become gradually dai
with increasing axial distance. Thus, the anechoic region

z = 40 mm is barely visible.

Fig. 4. Images obtained from phantom B (CIRS 040) for (a)®4lapproach,
(b) DAS, (c) FBP, and (d) CS. In (aNg = 128 single element emissions
were used while in (b), (c), and (d) only a single plane wave emitted.

) . . ) Parameters wereV, = 401, N, = 1001, Ny = 887, 6, = 100 ym,o. =
We investigated the performance of CS in solving th& pm, (except for FBRS, = 101.6 pm),ey = e, € = 0.2 ||psc(es)]|,-

inverse scattering problem arising in pulse-echo diagnagt Al values are in dB.

trasound imaging. For sparse parameter€sS yields the best

solutions to the inverse scattering problem in terms ofleluke

reduction and lateral -6 dB-widths. It even outperforms3ide

approach, although the number of sequential wave emissions

is significantly reduced fromVe single element emissions [4! . o Ve . . .

¢ inal | - A di to th It photoacoustic tomography in vivoJournal of Blomed|cal Optigs

0 a single plane wave emission. According to these resulls, o, 15, no. 2, pp. 021311-1-021 3116, March/April 2010.
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_ i Applications Acoustical Society of America, 1989.

For nor.] sparse parameten@ the results Obtam.ed. by our [6] F. Natterer and F. Wubbelindlathematical Methods in Image Recon-

Curr?m implementation of the CS approach are S'm'la_‘r t8eho " stryction Philadelphia: Society for Industrial and Applied Mathéite
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