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ABSTRA CT

Medical ultrasound imaging is in widespreadusetoday dueto its low cost,portabilit y,

lack of side e�ects, and unique abilit y to probe the mechanical properties of tissue. As

transducer apertures and operating frequenciesgrow, however, ultrasound's resolving

power continuesto be limited by variations in the speedof soundwithin tissue. Concepts

borrowed from other imaging disciplines can provide new insights into the aberration

problem in medicalultrasound; in particular, someof the sameissueshave beenstudied

for many yearsto improve acousticimaging of the nonhomogeneousEarth.

The seismicimagingcommunity hasunderstood for sometime that layeredmediamay

be approximated by constant-sound-speedmedia for beamformingpurposes,leading to

so-calledtime-migration algorithms. This raisesthe possibility of medical ultrasound

applications|for example, brain imaging through the adult human skull. While our

simulation results have been encouraging,experiments with animal skulls have been

inconclusive due to the high attenuation of ultrasound in skull bone. Further research

may validate the time-migration conceptfor brain imaging.

Complete data setsare composedof the raw re
ection data from every combination

of one transmit element and one receive element in an array. The tremendousredun-

dancy of a completedata set can be exploited for aberration correction by analyzing the

time shifts on common-midpoint gathers. Until now, however, the wide-angle,random-

scattering nature of medicalultrasound targets has limited the accuracyand robustness

of this approach, particularly when estimating azimuth-dependent aberration pro�les.

Pre�ltering the data with two-dimensional fan �lters largely solves this problem and

producesan aberration-correction algorithm (OFF) that outperforms the most popular

existing algorithms in almost all cases.

The conceptof focusing-operator updating, recently popular in seismicimaging, pro-

vides insight into iterativ e aberration-correction algorithms using a transmit focus. We
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develop a new updating procedurebasedon dynamic programming. With careful selec-

tion of initial focus points, the resulting algorithm outperforms existing algorithms in

someexperiments.

Our aberration-correction results imply that imaging with single-valued focusingop-

eratorsmay be able to correct for most of the aberration encountered in soft tissues;that

increasingaperture should not be viewed merely as a sourceof aberration, but as an

opportunit y to more fully correct it; and that the noisepenalty for using completedata

setsmay not be as seriousa problem as commonly assumed.

A di�eren t kind of image-formationchallengeis posedby small-diametercylindrical

imaging platforms. We derive a fast, three-dimensional,frequency-domainimaging algo-

rithm for this geometryby making suitable approximations to the point spreadfunction

for wave propagation in cylindrical coordinates and obtaining its Fourier transform by

analogy with the equivalent problem in Cartesian coordinates. For the most e�ectiv e

use of limited aperture, the focus of a transducer is treated as a virtual source, and

the synthetic-aperture algorithm then forms imageson deeper cylindrical shells. Com-

puter simulations and experimental results show that this imaging technique attains the

resolution limit dictated by the operating wavelength and transducercharacteristics.
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CHAPTER 1

INTR ODUCTION

\T oday, I get a weird feeling whenever a physician usesa sonogramto image my

gizzard. Analog data, two-dimensional image, no pulse compression;it's what we

used in Wyoming in 1952. I'm just glad the doctor isn't using dynamite. It isn't

trivially easy to translate modern seismic technology into medical practice. Deep

seismic re
ections in the oil patch take three and four secondsto return. In my

body, everything is over in onemillisecond. It will require fast computers and some

tough engineers."

|Kenneth S. De�ey es, in Hubbert's Peak: The Impending World Oil Shortage, p.

87 [1].

1.1 Medical Ultrasound Imaging

Virtually every pregnant woman in the western world today will have her fetus clinically

evaluated with the aid of ultrasound|high frequencyacoustic waves in the 1{100 MHz range.

Ultrasound imagesof the heart are used to examine almost anyone su�ering from chest pain.

In many parts of the body, suspected tumors are routinely scannedwith ultrasound.

This widespreaduseis evidenceof the unique advantageso�ered by ultrasound, which com-

plements other important diagnostic imaging technologieslike MRI, PET, and X-rays. Com-

pared to most of these,an ultrasound scanneris small, lightweight, and inexpensive, requiring

only a handheld transducer headand the processingand display electronics. Acoustic radiation

is nonionizing and producesfew or no side e�ects. It also has the advantage of being able to

probe the mechanical properties of human tissuedirectly, while other techniquesmust infer this

indirectly .

The simplest method of obtaining an ultrasound image is the pulse-echo B-mode scan (Fig-

ure 1.1), in which a focusedsourceof pulsed ultrasound is translated parallel to the skin of the
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Figure 1.1 A B-mode ultrasound scan.

patient or rotated to achieve a sector scan. A gel-like substanceensuresgood coupling between

the transducer and the skin. In soft tissues,a weak scattering assumption is usedto relate the

backscattered echoes in time to the tissue re
ectivit y in depth. The received radio-frequency

(RF) signals are envelope-detectedand displayed side by side in the (x; t) plane, forming the

desired image. To preserve good lateral (x-direction) resolution over a range of depths, the

ultrasound transducer is designedwith an f -number (that is, the focal ratio of focal length to

diameter) high enoughto yield the desireddepth of focus. Single-element transducerssuitable

for this task usually contain a 
at disk of piezoelectric material coupled to a mechanical lens

which createsa �xed point focusand alsohelpsmatch the transducer to the acoustic impedance

of the medium.

In modern clinical use,singleultrasound transducershave beenreplacedwith phasedarrays.

Theseallow the ultrasound beamto be steeredover a rangeof anglesand focusedat any depth

without the need to physically move the transducer. 1-D arrays, by far the most common,

incorporate a number of elements which arenarrow in the x direction and wide in the y direction

(seeFigure 1.2). This permits 
exible focusing in azimuth, while a mechanical lens covering

the array provides a weak �xed focus in elevation. Fully sampled2-D arrays are rare becauseof

the wiring and signal processingchallengesfor even a small aperture. Multiro w arrays with full

sampling along the x direction and a handful of elements along the y direction are a compromise

between these extremes, allowing for limited beamforming in the elevation plane. These are

nicknamed with fractional dimensionsbetweenone and two, e.g., a 1.5-D array [2].
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Figure 1.2 Bottom view (facing up from the skin) of a 1-D ultrasound array showing typical
element shape and plane de�nitions.

Ultrasound arrays are also increasingly being designedwith novel geometriesfor specialized

applications inside the body. Circular arrays are now being placed on catheters for close-up

imaging of blood vessels[3]. A proposedapplication of very-high-frequencyultrasound would

place tiny transducerson a needlefor high-resolution in vivo imaging of suspected tumors [4].

Chapter 7 presents an e�cien t, Fourier-domain, three-dimensionalimaging technique for pulse-

echo data collected on cylindrical apertures.

Sound wavespropagating in the body are subject to attenuation, scattering by impedance

discontinuities, and refraction by propagation speed variations. Attenuation in soft tissues is

approximately 0.5 dB cm� 1 MHz � 1. For this reason, clinical applications must seeka com-

promise betweenresolution and penetration depth, usually staying below 10 MHz. Scattering

in an idealized model is weak and causedprimarily by tissue microstructure at subwavelength

scales. Multiple scattering e�ects are neglecteddue to the weak scattering assumption. The

bulk acoustic properties are assumedconstant at large scales(with respect to a wavelength),

with the transmitted wave remaining mostly intact and traveling at a constant speed. In reality,

there is signi�cant variation in these properties; in particular, the speed of sound varies from

1470 m/s in fatt y tissuesto over 1600 m/s in muscle and up to 3700 m/s in bone [5,6]. The

resulting e�ects are collectively termed \ab erration" and are the focusof Chapters 2 through 6.

Medical ultrasound imagesare formed assuming a constant speed of sound, usually 1540

m/s. Straightforward \delay-and-sum" beamforming is used almost universally. Dedicated

hardware applies geometrically determined delays acrossthe array so that transmitted signals

focusto a point and received signalsare addedcoherently for a point sourceat the focus. To aid

the sonographerin positioning the array and to make the imagelesssusceptibleto tissue-motion

artifacts, a high frame rate is desirable. Using transmit and receive foci to interrogate every

3



Figure 1.3 An ultrasound image of a \phan tom" target designedto mimic the appearanceof
a heart. (Image courtesy U. Michigan Biomedical Ultrasonics Laboratory.)

point in an image, however, would require too much time for sound propagation, even if the

processingcircuitry was arbitrarily fast. The usual compromiseis similar to the B-mode scan

described above: Pulsesare transmitted at various azimuth anglesusing a large depth of focus,

so that one transmission covers the entire range of depths in the image. For reception, instead

of using the same�xed focus, the focuscan be scannedalong the rangeline asthe echoesarrive.

This is called dynamic focusing on receive. Common enhancements to this scheme use more

than one transmit pulse per azimuth, segmenting the image in both azimuth angle and range.

One striking feature of medical ultrasound images, like the simulated heart in Figure 1.3,

is the grainy background texture. This is not noise, but speckle, a phenomenonobserved in

any coherent imaging systemwhen the target contains many random, subwavelength scatterers

per resolution cell. The brightness of a single pixel in the image is determined by the vector

sum of the contributing scatterers' complex re
ectivities. Modeling this as a random walk in

the complex plane [7], the central limit theorem predicts circular Gaussian statistics as the

number of scatterersper resolution cell becomeslarge. The pixel intensities are thus Rayleigh

distributed, making the background appear grainy. Becausespeckle-producing regions are so
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commonin tissue,speckle plays an important role in aberration correction; this will bediscussed

in more detail in Chapter 2.

The resolving power of an ultrasound scanneris not evaluated solely by its abilit y to resolve

closely spacedpoint targets, as is the case in many other imaging systems. For diagnostic

purposes, it is more important to be able to pick out small, anechoic (scatter-free) regions

surrounded by speckle. Thus, sidelobe level is at least as important as mainlobe width.

1.2 Exploration Seismic Imaging

Becausesome of the results in this dissertation derive from techniques used in seismic

imaging, it is convenient to summarizebrie
y the current practice, concepts,and terminology

from that �eld. Many similarities with medical ultrasound will be noted, as well as some

di�erences.

1.2.1 Acquisition

Geophysicists and petroleum prospectors have been using re
ection seismologyto image

underground features in search of oil and gassince the 1920s[8]. The technology required for

a rudimentary survey on land is simple: A dynamite charge in a boreholeservesas the energy

source,and a string of geophones(deviceswhich record vibration) record the echoes. Most of

the echo energy lies between10 and 100 Hz and takessecondsto arrive back at the geophones,

leading to modest sampling and recording requirements.

The chemical explosives used by early surveys have mostly been abandoned in favor of

vibrating trucks (on land) or airguns (at sea). Unlike ultrasound, the sourcesand receivers

are not interchangeable,and the receivers are less expensive than the sources. The �ring of

a source is recorded over an array of receivers simultaneously, then the source is moved to a

di�eren t position (along with the receivers, in a towed-array marine survey) and the experiment

is repeated. For a single survey line, this leads to a collection of signalsds;g(t), where s is the

shot (source) position and g is the geophone(receiver) position along the linear aperture. Of

vital importance later in this dissertation is the fact that the data are recordedseparately for

each sourceand receiver position. This is called prestackdata, for reasonswhich will become

clear shortly, and should be contrasted with the conventional ultrasound practice, where echo

data are implicitly summed by the transmit focusing operation due to a number of sources

being �red at about the sametime.
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Figure 1.4 A simple re
ection seismologyexperiment showing the shot point, geophonepoint,
midpoint, and o�set.

For most commonprocessingtechniques,it is best to think of the raw data in midpoint{o�set

(m; h) space,de�ned by the coordinate transformation [9]

m =
g + s

2
(midpoint) (1.1)

h =
g � s

2
(o�set) : (1.2)

This geometry is depicted in Figure 1.4. Various slicesthrough the raw data cube are termed

gathers or sections. For example, the traces in a common-midpoint gather, f dm+ h;m � h(t);

m constantg, will all contain re
ections from a commonsubsurfacepoint if the medium consists

of 
at, uniform layers. A common-shotgather, f ds;g(t); s constantg, is the data recordedalong

the aperture for one source �ring. The zero-o�set section, f dm;m (t)g, is just the monostatic

acquisition casecommon to SAR (synthetic aperture radar), where the sourceand receiver are

always colocated.

1.2.2 Simple sound-sp eed estimation

The speedof sound in rock is similar to that in bone|in the low thousandsof meters per

secondfor longitudinal waves. If the caseof bone is excluded,the typical rangeof soundspeeds

encountered in the Earth is much greater than in biological tissue. Becauseof this, a constant-c

assumption has never worked well in seismic imaging, and geophysicists have had to develop

techniques for estimating the unknown speedof sound.

In the Earth, there is usually a gradual increase in wave speed with depth. Dramatic

variations can be superimposedon this general trend; for example, salt deposits may well up

through less-densesedimentary layers, forming \salt domes" with much higher wave speedthan

their surroundings. Gas pockets, on the other hand, can create areaswhere sound propagates
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even more slowly than in water [10]. Usually, though, a layered pattern is seen,with interfaces

that dip or becomecurved near interesting geologicalstructure. This layered structure is the

basis for many sound-speed-estimationtechniques.

Consider a seismicexperiment in which a 
at re
ector is located at depth z0 in a medium

with a constant speedof soundc. An echo will be received at time t depending on the shot and

geophonepositions as

t =
2
c

s �
g � s

2

� 2

+ z02 (1.3)

=
2
c

p
h2 + z02; (1.4)

which is a hyperbola in (h; t) space,that is, on a common-midpoint (CMP) gather. The same

holds true in a point-scatterer model for scatterersdirectly below the midpoint, asmay be seen

in the left panel of Figure 1.5. The delay with increasing o�set h is called normal moveout|

NMO for short. In the hypothetical experiment, the location and shape of the hyperbola allow

one to determine both c and z0. Note that this would not be possiblewith zero-o�set data|

the echo would arrive at the sametime on every trace, leaving a depth-speedambiguit y. The

prestack data contains redundancy which permits sound-speedestimation.

Normal moveout may be \corrected," and the CMP hyperbolas 
attened, by an axis

stretch [9],

t ! t0; where t0 =

r

t2 +
4h2

c2 (1.5)

(Figure 1.5, right-hand side). Simple sound-speed analysis consists of performing this NMO

correction for many trial values of c on selectedCMP gathers in the prestack data set, then

summing (stacking) over o�set in each case. At some\stacking sound-speed" (which may be

di�eren t at di�eren t t, if the true speedof soundin the medium is depth-varying) the hyperbolas

will be maximally 
at and the sum over o�set will be maximized. Applying the NMO correction

at the stacking sound-speedto every CMP gather in the data and then summing over o�set has

the additional bene�ts of (1) reducing noise,and (2) reducing the amount of data that must be

processedin the imaging algorithm. The prestack data becomespoststack data and is treated

like a zero-o�set section.

Speed-of-soundestimation by NMO correction and stacking has seriouslimitations; for ex-

ample, it gives the wrong answer when the re
ecting layers are not 
at. Modern practice is

increasingly to take prestack data all the way into the imaging process. Someof the termi-
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Figure 1.5 The normal moveout (NMO) correction applied to simulated ultrasound data from
a speckle-producing region. (a) Common-midpoint gather. (b) After NMO correction, echoes
from scatterers directly below the midpoint are perfectly 
attened. Other echoes are overcor-
rected.

nology (\prestack" and \p oststack") remains, however, and sound-speedestimation via NMO

correction and stacking also illustrates why the redundancy in prestack data is important.

1.2.3 Imaging

Algorithms for image formation (termed migration) in geophysics are more varied than in

ultrasound [11]. Kir cho� migration is a point-by-point correlation of the expected point target

response with the raw echo data. For poststack or zero-o�set data, this involves summing

the raw data over hyperbolic curves; for prestack data, the summation is over the surface

8



Figure 1.6 \Cheops' Pyramid"|the signature of a point target in prestack data. The time
axis points down into the page. (From Claerbout, Imaging the Earth's Interior , p. 165 [9].)

in Figure 1.6, dubbed \Cheops' Pyramid" [9]. Kirc ho� migration is essentially the same as

traditional delay-and-sum beamforming in ultrasound except that it also takesinto account the

proper obliquit y factor and phasepredicted by wave theory. Phase-shiftmigration [12] is a more

e�cien t, Fourier-domain approach which back-propagatesthe recordedwave�eld in increments.

The still moree�cien t Stolt, or f-k migration [13] focusesan entire imageat onceby interpolating

the Fourier-domain image data from the Fourier-domain raw data; it was brought to the SAR

communit y in [14] and called the wavenumber or ! � k algorithm. All of these, and many

others, are still usedin seismicprocessingbecausethere is an inherent trade-o� betweenspeed

and 
exibilit y. Stolt migration is strictly valid only for media having a constant speedof sound

c; phase-shift migration can handle a depth-variable c(z) model; Kirc ho� migration and other

time-and-space-domainapproaches work in a general c(x; z) model (or, becausemost modern

seismic surveys are three-dimensional, a c(x; y; z) model). All of these migration algorithms

have prestack and poststack variants.

From the foregoing, one can seethat dynamic receive focusing in ultrasound is similar to

a prestack, constant-c Kirc ho� migration. The main di�erences are as follows: (1) Part of the

stacking is wrapped up in the data acquisition|it happenswhen the array transmits a focused

pulse using a particular set of delays. Thus, potentially useful information is discarded right
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Table 1.1 Comparison of approximate physical parametersin exploration seismicand medical
ultrasound imaging.

Medical ultrasound Seismicimaging
Frequency 106 � 107 Hz 101 � 102 Hz

Sound speed 1:5 � 103 m/s 1{5 � 103 m/s
Maximum depth 10� 1 m 104 m

at the outset. For example, the entire experiment would need to be repeated if an image at a

di�eren t speed of sound were desired. (2) As discussedin Section 1.1, transmitting a focused

pulse onto every resolution cell in the imaging area would be prohibitiv ely time-consuming for

real-time imaging, so short-cuts are usedon the transmit side.

Commercialultrasound scannerstransmit only a limited number of times per frame, focusing

on a subsetof points spreadout over the imaging area. The main reasonwhy they do not acquire

a prestack data set is noise: By forming a transmit focus during the acquisition process,one

obtains a signal-to-noise(SNR) power gain of N , the number of array elements. Prestack data

sets are sometimesusedby the ultrasound research communit y, however. They are useful not

only becauseof the redundancy in the data, but also because,neglecting the e�ect of noise,

any imaging or aberration correction algorithm may be emulated using the prestack data set

without the need to acquire more data. If algorithms requiring prestack data signi�cantly

outperform those which do not, there may be an increasedmotivation to collect prestack data

in commercial scannersand solve the SNR problem by somecombination of (1) transmitting

longer pulses, with pulse compressionon reception, and (2) averaging signals over multiple

transmissions,possibly relaxing the high frame-rate requirement. In the ultrasound literature,

prestack data setsare called completedata sets;this terminology will be usedfor the remainder

of this dissertation.

1.3 Summary

In this introduction, the similarities and di�erences betweenmedical ultrasound and seismic

imaging have beennoted. Table 1.1 presents onemore comparison,in terms of the approximate

frequencies,typical soundpropagation speeds,and penetration depths in each discipline. Notice

that although the frequenciesdi�er by a factor of about 105, the media sound speedsand the

ratio of depth to wavelength are very similar for both forms of acoustic imaging. This suggests

that each application can learn from the other's accumulated knowledgeand tools.
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The rest of this dissertation is organized as follows: Chapter 2 provides additional back-

ground and a description of existing solutions to the aberration problem in medical ultrasound

imaging. The next three chapters introduce three new approaches to the problem: Chapter 3

discussesthe concept of rms sound speedand applies this idea to imaging situations where the

aberrating structures can be approximated as planar layers. Chapter 4 describesa method for

estimating angle-dependent aberration pro�les directly from complete data sets using 2-D fan

�lters and a least-squaressolution. Chapter 5 considersthe application of dynamic program-

ming to iterativ e focus-updating techniques. Chapter 6 details the experimental apparatus and

proceduresused for collecting complete data sets and presents performance comparisonsfor

the algorithms described in the previous two chapters. Finally, Chapter 7 describes a novel

Fourier-domain algorithm for e�cien t, three-dimensional imaging from cylindrical apertures.

This work was previously published in the IEEE Transactions on Ultr asonics, Ferroelectrics,

and FrequencyControl [4].
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CHAPTER 2

ABERRA TION CORRECTION

Much attention has been given to improving the spatial resolution of ultrasound by using

higher frequenciesand/or increasing the size of the transducer aperture. The attenuation

properties of tissue imposean upper limit on frequency, yet under this constraint, di�raction

theory still permits a signi�cant improvement in resolution over current systems.

The main obstacle to improved spatial resolution in medical ultrasound, and one problem

which prevents its usein bone-shieldedareaslike the brain, is the variation of soundpropagation

speedin the body. As was discussedin the Introduction, the true speedof sounddeviatesfrom

the assumedvalue by up to 10%in soft tissuesand much more in bone. Although medical ultra-

sound imaging dependson the echoesgeneratedby scattering from impedancediscontinuities,

including changesin the speed of sound, current systemsassumea bulk homogeneity|that

is, straight raypaths and a constant speed of sound at scalesabove a wavelength. When this

assumption fails, imaging resolution su�ers as the point spreadfunction broadens. Higher side-

lobes are especially damaging becausea primary benchmark of an ultrasound system is its

abilit y to resolve small, negative-contrast (scatter-free) regions surrounded by speckle. Thus,

aberration seriouslyharms the diagnostic usefulnessof ultrasound [15]. The e�ects of moderate

aberration are illustrated in Figure 2.1.

Many researchers have studied the e�ects of aberration experimentally in various parts of

the human body. A few areasof particular interest are the abdominal wall [16,17], the female

breast [18,19], and the brain [20]. Of the three, the abdominal wall is consideredthe least

challenging becausethe aberrating fat and muscle is closeto the surfaceand oriented parallel

to it. In the breast, sonography would be preferred over X-rays for cancerscreening,but a large

propagation-speedcontrast betweenthe irregularly distributed fatt y and glandular tissueshas

kept ultrasound from achieving the necessaryresolution. The brain has so far been almost

completely o�-limits to ultrasound due to the attenuation, variable thickness,and high speed

of sound in the skull bone.
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Figure 2.1 E�ects of aberration. (a) A \phan tom" target designedto simulate the acoustical
properties of biological tissue, imagedwith a 64-element 1-D array at 2.6 MHz in a water bath.
(b) The sametarget, imaged through an aberrating layer of rippled silicone rubber. (Axes are
labeled in millimeters.)

Current approachesto aberration correction have beenonly mildly successfulat improving

resolution. In many parts of the body, tissue inhomogeneitiesstill degrade the resolution of

ultrasound images to that which can be obtained with relatively low frequenciesand small

apertures. An improved technique for aberration correction would have life-saving diagnostic

implications. For example, it might becomepossible to image potentially cancerouslesions

when they are as small as 1 mm in diameter. At this size, the lesion is too small for a blood

supply to develop, and successfuldiagnosis can prevent a terrible disease. However, even a

small improvement in resolution would be signi�cant in clinical use.

2.1 Past Work

2.1.1 Screen metho ds

Virtually all of the published correction algorithms that would be practical in vivo (that

is, with live subjects) are based on a screen model of tissue aberration. In it, the e�ects

of aberration are modeled entirely by variable time delays on the received and transmitted

signals due to an in�nitesimally thin screenat the transducer surface. If these delays can be

estimated correctly, perfect focusing is easily accomplishedby adding compensating delays to

the geometrically determined, hyperbolic focusingoperators. Note that the terms phasescreen,
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phaseaberration, and phaseaberration correction are common in the literature, despite the

wideband nature of the pulsesusedin ultrasound.

The screenmodel hasa long history of successin many �elds. It hasbeenapplied to seismic

imaging [21,22], where a \w eathered layer" of variable thicknessand slow sound-propagation

speed lies between the Earth's surface and deeper, higher-speed rock layers. The e�ects of

the weatheredlayer are sometimeswell-approximated by pure, angle-independent time delays;

these are known as surface-consistent statics. In synthetic aperture radar, small deviations

from a straight 
igh t path may be correctedby applying the right set of phaseshifts acrossthe

aperture. Similar ideasare used in radio astronomy to correct for phaseaberration causedby

the inhomogeneousatmosphere,which, over the typical small �eld of view, is angle-independent

and in the near �eld.

In ultrasound, unlike the examplesabove, the screenmodel clearly fails to describe reality.

Although the principal aberrators may be located closeto the array in somecases(as in the

abdominal wall and the skull), they are not \thin" with respect to the array-to-target distance.

Nevertheless,one may consider a set of delay corrections to be valid for a small region of the

imaging area called an isoplanatic patch. By calculating a di�eren t set of delay corrections

for each isoplanatic patch, the entire image may be corrected. This still assumesthat multiple

scattering can be neglected,that is, that the focusingoperators are single-valued. In this disser-

tation, only single-valued focusing operators will be considered;all of the proposedalgorithms

may be viewed as screenmethods.

2.1.1.1 Iterativ e algorithms using a transmit focus

One classof aberration-correction algorithms basedon a screenmodel is exempli�ed by the

nearest-neighbor cross-correlation(NNCC) approach of Flax and O'Donnell [23,24]. A focused

transmit pulse is aimed at some region of interest, and the received signals on neighboring

array elements are cross-correlatedto estimate the relative time shifts. These time shifts are

integrated across the array and taken as an improved focusing operator. Since the original

transmit focus is degradedby uncompensatedaberration, the procedure is iterated with the

expectation of convergenceto a correct focusing operator.

Algorithms of this type have the advantage of estimating aberration pro�les from small

regions of the target; thus, small isoplanatic patch size should not be a problem. If a single

scatterer dominates the focal region, the received signals are highly correlated and the algo-

rithm performs well. Unfortunately, dominant point scatterersare scarcein ultrasound images.
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Speckle-generatingtissues,which contain many random scattererswithin the focal region of an

ultrasound transducer, are far more common. In this case,the spatial correlation of the received

signals can be predicted with a form of the van Cittert-Zernik e theorem [25,26], which treats

the random scattering region at the focus as a source of incoherent radiation. For a linear,

nonapodized aperture, the expected correlation betweenelements as a function of the distance

separating them is a triangle function. Even for neighboring elements, in the ideal aberration-

free case,decorrelation limits the accuracy of time-shift estimates. A more seriousproblem is

that aberration drastically reducesthe correlation between adjacent element signals. If it be-

comessevereenough,the algorithm may not converge. Someideasto improve the performance

of transmit-fo cus-basedaberration correction algorithms are presented in Chapter 5.

2.1.1.2 Algorithms using common-midp oin t signals

Another approach to delay estimation exploits the strong correlation between common-

midpoint signalswhen single array elements are usedfor transmitting and receiving. As noted

in Section1.2, completedata setscontain redundant information about the target to be imaged;

under a screen model of aberration, this information can be applied to �nd the unknown

delays [21,22]. Signals in a common-midpoint gather are redundant in the senseof sampling

the sameportion of the target's Fourier transform [27]. After moveout correction, the signalsare

highly correlated over a range of source-receiver o�sets, regardlessof the target composition.

This is the \signal redundancy principle" of Li [28] and is clearly visible in the simulated

common-midpoint gather of Figure 1.5.

In their published algorithms, both Rachlin [27] and Li [29] perform cross-correlationsof

common-midpoint signals. Rachlin usesdata at many o�sets to form a robust, over-determined

matrix system, whereasLi only useso�sets of zero and one element. On the other hand, Li

performs moveout correction on the common-midpoint gathers; this was neglectedin Rachlin's

far-�eld approximation. To date, there are no published comparisonsbetweenthesealgorithms

and the NNCC-basedalgorithms.

Aberration correction basedon common-midpoint signals is potentially more robust than

methods which depend on echoes from a focal point. Becausecommon-midpoint signals are

highly correlated, even in the presenceof aberration, there is no need for iteration and no

\b oot-strapping" problem as with methods that require a good transmit focus. Moreover, if

many di�eren t o�sets per midpoint are used for time-shift estimates, the problem becomes

highly overdetermined, reducing error propagation across the array and allowing a robust,
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least-squaressolution. The penalty for this robustnessis reduced targeting abilit y: With no

transmit focus, �nding di�eren t aberration pro�les for di�eren t steering angles is di�cult. A

new technique to overcomethis problem is the subject of Chapter 4.

The translating apertures (TA) algorithm [30] may be seenas a compromisebetween the

extremesof full-aperture transmission in NNCC algorithms and single-element transmission in

the common-midpoint methods. In TA, a subaperture of the array transmits from two slightly

shifted positions, focusing each time on a spot at the midpoint of the shifted apertures. In

general, there may be a trade-o� betweenthe potentially more accurate time-shift estimatesof

the common-midpoint algorithms (due to over-determinancy) and the better SNR and targeting

abilit y of the NNCC algorithms (due to a transmit focus).

2.1.1.3 Algorithms based on an image qualit y metric

A third fundamental approach to screen-basedaberration correction is to adjust the element

delays basedon an image quality metric [31{33]. The integrated value of somepower of the

imageintensity hasbeenusedin radar and astronomy asa quality metric [34]. In [31],a widening

of the imaging point spread function is shown to decreasethe average speckle brightness in

the image. By sequentially adjusting the delay at each array element for maximum speckle

brightness, image quality was improved in many cases. As with the previously mentioned

algorithms, however, no performancecomparisonwith other screenmethods is available.

An extensionto the basicscreenmodel wasproposedin [35], in which the received wave�eld

is back-propagated (assuming a homogeneousmedium) somedistance before the time delays

are estimated. This sometimesimproves the correlation between neighboring element signals.

In principle, this extensioncould be combined with any of the screenmethods.

Very few of the screen-basedalgorithms for aberration correction have gone on to be im-

plemented in commercial scanners.For those that have, the resolution improvement in clinical

situations hasnot beenasdramatic asexpected. There is reasonto believe that the disappoint-

ing performance of screenalgorithms in ultrasound is due to the di�cult y of estimating the

time shifts with su�cien t accuracy, rather than any fundamental failure of the screenmodel.

If the e�ects of multiple scattering may be neglected, that is, if the best focusing operators

are single-valued, then the aberration problem in medical ultrasound is solvable by such an

algorithm, at least in theory. It is interesting to note that an optimal choice of single-valued

focusingoperators hasbeenshown to be e�ectiv e in seismicimaging, where the aberrations are

much more severe than in soft tissue [36].
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2.1.2 Time rev ersal

Supposea point sourceis buried deep inside a complicated, nonhomogeneousmedium. A

pulse from this sourcepropagatesthrough the complex structure and is recorded on an array

at the surface. If the received array signalsare time-reversedand retransmitted, the invariance

of the wave equation under time reversal implies that the wavefront will refocus on the source

point. This is time-reversal focusing, which implements the �lter matched to the propagation

channel [37].

Sinceattenuation is the sameregardlessof the propagation direction, time reversal requires

that attenuation be negligible. Also, since the recording aperture intercepts only a portion

of the energy from the point source, the resolution is, in most cases,naturally limited by the

aperture size. However, if the medium exhibits strong multiple scattering, a superresolution

phenomenon may be observed, allowing time-reversal focusing to beat the di�raction limit

imposedby the recording aperture [38].

With iteration, time-reversal focusingcan \lo ck on" to a passive point re
ector, soit may be

applied to medical ultrasound in the few caseswhere dominant point targets are available [39].

Short of implanting a target in the body, however, this cannot solve the general aberration

problem.

2.1.3 Direct inversion

Aberration correction could bestated formally asthe task of solving the scalarwaveequation

in inhomogeneousmedia [40],
�
r 2 + k2(~r )

�
p(~r ) = 0; (2.1)

written here for the time-harmonic pressure�eld at position ~r . In homogeneousmedia, k is

independent of position and the solution canbeobtained asa superposition of Green'sfunctions,

but for inhomogeneousmedia, no closed-formsolution is known [41].

2.1.3.1 Di�raction tomograph y

Under certain weak scattering conditions, approximate solutions to (2.1) may be obtained

via the Born or Rytov approximations. These lead to a tomographic formulation in which

the well-known projection-slice theorem is generalizedto the caseof di�racting waves. In this

Fourier di�r action theorem, the target's Fourier data areobtained on curvedpaths which change

with the projection angle [40,41]. There have beensomeencouragingresults using di�raction
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tomography in ultrasound (see[42], for example), and it may have a placein applications where

the projections can be collected over a large range of angles, e.g., in breast scans. Both the

Born and Rytov approximations, however, place severe limits on the allowable strength and

physical extent of the inhomogeneitiesbeing imaged. Beyond these limits, the accuracy of the

reconstruction degradesvery quickly [40]. Di�raction tomography has received relatively little

attention in the past decade.

2.1.3.2 Nonlinear in verse scattering

An in�nite-series solution to the full inverse-scattering problem has been considered re-

cently [43]. In principle, it may be possibleto perform a completeinversion, from re
ection data

to the target's physical properties, without any prior knowledge of the propagation medium.

The computational demands for this approach are extreme, and there is as of yet no proof

of convergence. Simulations suggestthat the inversescattering serieswill converge when the

sound-speedvariation is lessthan about 14%, so in the long run it may be a solution to ultra-

sound imaging in soft tissues[44].

2.2 Focusing Op erators and Notational Conventions

Table 2.1 lists the notation that will be used throughout the rest of this dissertation. The

spatial coordinate systemis �xed with respect to an array transducer, with (x; z) = (0; 0) at the

array center. The x, or lateral, axis is parallel to the array. The k th array element (out of N ) is

located at (xk ; 0); elements are assumedto be in�nitesimal points unlessotherwise indicated.

The z, or depth, axis is the array normal, positive \downward." Where polar coordinates are

used, � , or azimuth, is measuredfrom the z-axis, i.e., � = arctan(x=z).

In accordancewith the assumptions of the screen model for aberration, the concept of

focusing operators will be usedextensively. The focusing-operator terminology in Table 2.1 is

illustrated here with an example. Consider the one-way travel time for wavesmoving between

the point (x0; z0) and a position x on the array aperture. In a medium with constant sound

speedc,

t(x; x0; z0; c) =
1
c

p
(x � x0)2 + z02; (2.2)

which is one branch of a hyperbola in the (x; t) spaceof the recordeddata:

c2t2 � (x � x0)2 = z02 (constant) : (2.3)
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Table 2.1 Notation usedin this dissertation.

c Speedof sound
cr ms Sound speedof the optimal constant-c focusing operator
g(x; z) A target scatterer distribution or its image
xk Center of the kt h element
m Midp oint
h O�set
� t Sampling period in time
� x Sampling period in space;array pitch
p(t) Transmitted pulse
ds;g(t) Signal from a complete data set: transmit element s and receive

element g
dg(t; s) Common-shot gather: received signals after a single-element

transmission
d0

g(t) Once-focused data (advanced and summed over s); the echoes
received after a focusedtransmit pulse

d00
g(t) Shifted, once-focuseddata; d0(g; t) that has beenadvancedagain

in preparation for summing over g
tk (x0; z0; c), t(x; x0; z0; c) Focusing operator for a constant-sound-speed medium; delay at

element k or as a continuous function acrossthe aperture
� k , � (x) Aberrating delay at the k t h element, or as a continuous function

acrossthe aperture
~tk (x0; z0), ~t(x; x0; z0) True focusing operator for the point (x0; z0); delay at element k

or as a continuous function acrossthe aperture

Firing the array elements f xkg at corresponding times f� tkg will generatea wavefront which

focuseson the point (x0; z0) at time zero. Similarly, an \explo ding point" (x0; z0) at time zero

will leave a hyperbolic signature in the data at the times f t kg. Therefore, tk (x0; z0; c) is termed

the focusing operator for the point (x0; z0), given a medium of constant sound propagation

speedc. Sincewe are interested mainly in large-scaleaberrations with respect to the acoustic

wavelength, this geometric acoustics approximation su�ces for the discussion. In addition,

amplitude variations will not be considered. While amplitude 
uctuations acrossthe aperture

do change the imaging point spread function, the principal challenge in aberration correction

is to add the elemental signalscoherently .

Dynamic focusing on transmit and receive (a.k.a. prestack migration, or imaging with com-

plete data) may now be de�ned as a sequenceof two focusing steps[45{47]. Transmit focusing

is expressedas the summation over transmit elements of time-shifted signals in the complete
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data set d. Neglecting any apodization,

d0
g(t) =

NX

s=1

ds;g(t + ~ts(x0; z0)) ; (2.4)

where ~ts(x0; z0) is the true focusingoperator (possibly including the e�ects of time-shift aberra-

tion) for a target at (x0; z0). The secondfocusing step is the summation over receive elements,

d00(t) =
NX

g=1

d0
g(t + ~tg(x0; z0)) : (2.5)

Notice that the samefocusingoperator is usedon receive aswasusedon transmit. This follows

from reciprocity: The delays necessaryto focus a wavefront onto a point are the same as

those observed following an \explosion" at that point. (The amplitudes are not generally the

same,however.) If the focusing operator is correct, the image point corresponding to (x0; z0) is

obtained by evaluating the doubly focuseddata at zero time:

g(x0; z0) = d00(0): (2.6)

Since ideal focusing operators in a medium with a constant speed of sound are always

hyperbolic, the aberration pro�le � (x) (� k at element k) will be de�ned asthe di�erence between

a true focusing operator and a hyperbolic operator which approximates it:

� (x) = ~t(x; x0; z0) � t(x; x0; z0; c0): (2.7)

Someaberration correction techniquesare able to estimate � valuesdirectly, but others provide

only the estimated focusing operator ~t. To estimate the aberration pro�le in this case, the

best-�t hyperbola must �rst be determined. Casting this as a least-squaresproblem, we have

min
A;B ;C

E =
1
2

NX

k=1

k~t2
k � Ax 2

k � B xk � Ck2 (2.8)

@E
@A

= �
NX

k=1

(~t2
k � Ax 2

k � B xk � C)x2
k = 0 (2.9)

@E
@B

= �
NX

k=1

(~t2
k � Ax 2

k � B xk � C)xk = 0 (2.10)
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@E
@C

= �
NX

k=1

(~t2
k � Ax 2

k � B xk � C) = 0 (2.11)

leading to the matrix equation

2

6
6
4

P
x4

k
P

x3
k

P
x2

k
P

x3
k

P
x2

k
P

xk
P

x2
k

P
xk N

3

7
7
5

2

6
6
4

A

B

C

3

7
7
5 =

2

6
6
4

P
x2

k
~t2
k

P
xk~t2

k
P ~t2

k

3

7
7
5 (2.12)

from which the parametersof the best-�t hyperbola are found as

crms =

r
1
A

(2.13)

x0 =
� B
2A

(2.14)

z0 =

r
C
A

�
B 2

4A2 : (2.15)

This procedure is also used to estimate the location of a focal point when only the [non-

hyperbolic] focusing operator is known. The 3-by-3 matrix is poorly conditioned if all of the

f xkg are far from 1, so it is important to scalethe data appropriately beforesolving.

Sometimeswe wish to �nd an operator's focal point location (x0; z0) under the assumption

of some �xed sound speed c0. This is useful, e.g., when an ensemble of focusing operators

are to be used to form an image. Since the focal point location depends on the assumed

speedof sound, and the operators generally have di�eren t best-�t hyperbola c values,all of the

operators' positions should be translated to a commonreferencesoundspeedusedfor the (x; z)

coordinates in the image. To do this, force c = c0 in the solution by letting A = 1=c2
0; then

2

4
P

x2
k

P
xk

P
xk N

3

5

2

4 B

C

3

5 =

2

4
P

xk~t2
k � A

P
x3

k
P ~t2

k � A
P

x2
k

3

5 (2.16)

where x0 and z0 are obtained as before.
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CHAPTER 3

FOCUSING WITH AN RMS SPEED OF SOUND

In Section 1.2.2, a simple sound-speed estimation technique was presented, based on the

sound-speed-dependent 
attening of common-midpoint gathers. A better way to usethe same

principle and avoid the restriction to horizontal re
ectors is to usean imaging algorithm which

operatesdirectly on complete data sets (prestackmigration in seismicterminology). The data

are imaged repeatedly, each time with the assumption of a di�eren t constant speed of sound.

The set of outputs at zero o�set is like the set of outputs from stacked CMP gathers that were

moveout-correctedfor thosesamepropagation speeds[9]. The coherent 2-D summation implicit

in the imaging processdiscriminates in favor of features that are consistent with the imaging

sound-speed assumption. This type of sound-speed estimation is known as migration velocity

analysis in the geophysics communit y [48]. As discussedin the next section, the technique

may be applicable to medical ultrasound imaging when the aberrating tissueshave a layered

structure|for example,when imaging the adult human brain through the skull.

3.1 c(z) Mo dels, RMS Sound-Sp eed, and Time Migration

In practical seismic imaging scenarios, the speed of sound is not constant, but \migra-

tion velocity analysis" is still useful. The sound-speed estimates obtained in this casedo not

correspond to the true speedsof sound in the medium, but they are related [49,50]. This

relationship may be understood by considering the caseof a horizontally layered medium in

which the speedof sound is a function of depth z only. Figure 3.1 shows one such model with

a re
ecting target beneath a layer of \b one." An expressionfor travel time versus o�set h

(compare Equation (1.4)) may be written as

t =
2
c1

q
l21 + d2 +

2
c2

q
l22 + (h � d)2; (3.1)
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d

h h

Figure 3.1 A simple two-layer skull-lik e model usedto validate the rms sound-speedapproxi-
mation.

whered parameterizesthe set of possibleray-paths due to refraction. The correct ray-path may

be determined by �nding the minimum of the travel time with respect to d, following Fermat's

principle of least time which he usedto derive Snell's law,

dt
dd

=
2d

c1
p

l21 + d2
�

2(h � d)

c2
p

l22 + (h � d)2
= 0: (3.2)

Obtaining an expressionfor the travel time solely in terms of h, l1, l2, c1, and c2 is surprisingly

di�cult. It involvessolving the quartic

(c2
1 � c2

2)d4 � 2h(c2
1 � c2

2)d3 + (c2
1l21 � c2

2l22 + h2(c2
1 � c2

2))d2 � 2hc2
1l21d + h2c2

1l21 = 0; (3.3)

which doesnot have a compact solution.

It was shown in [49] that for the generalcaseof any number of 
at layers of di�ering sound

speedsand thicknesses(thus, in the limit, for any c(z) medium),

t2(h) = k1 + k2h2 + k3h4 + k4h6 + � � � ; (3.4)

where k1 = t2
0 (the squared vertical two-way travel time) and the other f k i g are functions of

c(z). The second-orderapproximation is of special interest, becausethen the travel time is a

hyperbola just like the constant-sound-speedcasein Equation (1.4). It turns out k2 has a nice

interpretation in terms of the rms speed of soundcrms :

k2 =
1

c2
rms

where c2
rms =

1
t0

Z t0

0
c2(t)dt: (3.5)
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Figure 3.2 The travel times for a scatterer beneath the \skull" are modeled almost perfectly
by assumingpropagation in a homogeneousmedium with a higher propagation speed. (a) The
actual travel time and its hyperbolic approximation. (b) The approximation error, in fractions
of a wavelength, at crms = 1830m/s and cbest = 1865m/s.

The integral of squared wave speed is taken over the round trip of the vertical ray; for an

N -layer model where tn is the vertical two-way time and cn is the speed of sound in the nth

layer,

c2
rms =

P N
n=1 c2

n tn
P N

n=1 tn
: (3.6)

The hyperbolic approximation is surprisingly accurate for source-receiver separationsequal

to or lessthan the target depth, a fact that was observed as long ago as 1955[51]. Figure 3.2

shows the approximation (rms sound-speedof 1830m/s) for the skull-lik e model in Figure 3.1.

For this example and a 20-mm array aperture, the worst-casephaseerror at 2.6 MHz is only

about 40� . Note that a best-�t hyperbola at cbest � crms does even better by spreading the

error more evenly over o�set; for simplicit y, the notation crms will still be usedto refer to this

best-�t hyperbola.

This result implies that, subject to the limitations of the hyperbolic (second-order)travel-

time approximation, targets in a horizontally layered c(z) medium may be accurately focused

by assuming a constant propagation speed of crms in the imaging algorithm. Of course, the

correct \constant speed" will vary from point to point in the image. This is the essenceof time

migration [11], so called because,since the true target depths are unknown, the \depth" axis

of the �nal image is left in units of time.
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This understanding has the potential to allow ultrasound imaging of the brain|a most

di�cult challenge for aberration correction. It is true that even in its 
at regions, the skull

bone is not a simple, homogeneousmedium with a high speedof sound. There are anisotropic

e�ects to consider, as well as the diploe, a layer of sponge-like bone with high attenuation.

Promising experimental results were obtained, however, by Smith et al. [52]. They modeled

the skull as a planar aberrating layer and derived static focusing corrections from prior knowl-

edgeof the layer's thicknessand speed of sound, but they did not note the suitabilit y of the

hyperbolic approximation. This approximation is crucial, for it allows an imaging algorithm to

determine crms blindly using somefocusing metric, without the needfor a priori knowledgeof

the intervening layers' sound speedsand thicknesses.

The range of aberration scenariosin tissue for which time migration will yield good results

is unknown. Although generally associated with a c(z) assumption, in seismic imaging it is

commonly usedto image strata which are not 
at [11]. At somelevel of structural complexity

and lateral variation in the speedof sound, time migration starts to fail, but this is subjective.

In any case,it should always perform at least as well as the current practice of assumingone

constant sound-speed(1540 m/s) for the entire image.

Note that this technique does not account for multiple scattering becauseit presumesa

single-valued travel time from any re
ecting target to the array. Thus, it can be viewed as a

screenmethod, much like the previous approachesfor aberration correction reviewed in Chap-

ter 2. A key di�erence, however, is a reduction in the number of unknown variables from N (a

time shift on each array element) to one (the assumedspeedof sound for best focusing).

3.2 Measures of Focusing Qualit y

A practical time-migration algorithm starts with a seriesof imagesfor a range of constant

soundpropagation speeds,the assumedspeedsspanningthe expectedrangeof rms sound-speed

for all the targets in the image. The �nal output is a composite image carved from the set of

constant-sound-speed images,where the best speedof sound at each point is chosenbasedon

somequality measure.

A number of publishedcriteria for choosingthe best speedof soundderive from the following

conceptual model of the prestack migration process(imaging from complete data sets) [9]:

1. Move the receivers downward to somedepth z.

2. Move the sourcesdownward to the samedepth as the receivers.
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3. Evaluate the wave�eld at zero source-receiver o�set and zero time.

The �rst step is just a backpropagation of the received wave�eld. By reciprocity, the second

step is computationally very similar. The third step is known as the imaging condition: As

the sourcesand receivers are pushed toward the depth of a re
ector, the travel time for that

re
ector decreasesuntil, at the re
ector depth, the response is at zero time for a colocated

sourceand receiver.

Normally, the nonzero-o�set and nonzero-timedata are discardedat the end of the imaging

process.(In delay-and-sum beamforming, a.k.a. Kirc ho� migration, nonzero-o�set outputs are

usually not calculated at all.) If these data are kept for analysis, various schemesfor sound-

speed selection becomepossible [48,53,54]. For example, one can test the correspondenceof

the zero-time and zero-o�set conditions; a mismatch indicates faulty focusing [48].

In the present research of applying theseideasto medical ultrasound imaging, onetechnique

which showed some promise in early simulations was to pick the imaging sound-speed that

minimizes the energyat all o�sets greater than somethreshold h� :

ĉrms = argmin
c

Z hmax

h �
[Migrated prestack data]2 dh: (3.7)

Although this workedwell in bright regionsof the image,it wasprone to bad estimatesin fainter

or anechoic regions. Ultimately , a di�eren t, simpler scheme proved superior|maximizing the

energyat zero o�set at selectedbright points in the image.

Picking the rms sound-speedbasedon a maximization of the energyat zero o�set parallels

the basic NMO-correction-and-stack technique. Applying this criterion at every point in the

image would be a bad idea becauseultrasound imageshave strong brightnesscontrasts at the

edgesof scatter-free regions like cysts; in the dark regions this criterion will select the wrong

sound-speed due to energy from defocused bright targets nearby. Picking a set of equally

spaced,bright targets throughout the image,determining crms at thesepoints, and interpolating

betweenthem works better becausethe crms estimatesare more reliable and the best focusing

sound-speedis expected to vary smoothly over the image.
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3.3 Time-Migration Algorithm

1. Form images,dynamically focusedon transmit and receive, at a rangeof constant speeds

of sound. Gain control should be applied so that the average brightness is similar in

di�eren t parts of the image.

2. From the ensemble of constant-speed images,pick the brightest point (magnitude g� ; it

may lie in any one of the images). Set crms for this point to the speedof sound assumed

when forming its parent image.

3. Find the next-brightest point. If it is a su�cien t distance(at least several resolution cells)

from the last point, set its crms to the speed of sound assumedwhen forming its parent

image, otherwise skip.

4. Continue picking points in decreasingorder of brightness,subject to a minimum spacing

constraint. Each time, use the already-establishedestimates to interpolate crms over

the region of interest, and discard the new point if its crms estimate di�ers from the

interpolated value by more than � (t ypically a few tens of meters per second).

5. Stop when all of the points brighter than � g� have been scanned. � should be small

enoughto insure even coverageof the image by the selectedpoints; a typical value is 0.1.

6. Use the �nal, interpolated map of crms to carve out the �nished, composite image.

Dynamic focusing on both transmit and receive (that is, prestack migration) highlights

re
ections consistent with a given speed of sound. Rather than using a complete data set, it

could be performed \online" as in conventional ultrasound beamforming; however, acquiring

many complete scansat various c would be time-consuming.

3.3.1 Prestac k Stolt migration

A computationally e�cien t algorithm for generating the constant-c images for the initial

stage of time migration is a prestack variant of Stolt migration [13], known in SAR as the

wavenumber or ! � k algorithm [14]. A simpli�ed derivation follows: Let ds;g(t) be the raw

prestack data in transmitter and receiver coordinates and time. Neglecting spherical spreading
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lossesand angle-dependent scattering, the data may be expressedas

ds;g(t) =
Z Z

g(x0; z0)p
�

t �
1
c

� p
(x0� s)2 + z02 +

p
(x0� g)2 + z02

� �
dx0dz0: (3.8)

Fourier transforming the time variable, we have

Ds;g(f ) = P(f )
Z Z

g(x0; z0) exp
�
� j

2� f
c

� p
(x0� s)2 + z02 +

p
(x0� g)2 + z02

� �
dx0dz0:

(3.9)

The spatial Fourier transforms s ! f s and g ! f g may be approximated using the principle of

stationary phase[55] or derived in closedform, followed by a large-argument approximation to

the Hankel function [56]. Only the phaseterms are preserved here:

D(f s; f g; f ) � P(f )
Z Z

g(x0; z0) exp

"

� j 2� z0

 r
f 2

c2 � f 2
s +

r
f 2

c2 � f 2
g

! #

� exp(� j 2� (f s + f g)x0)dx0dz0 (3.10)

D(f s; f g; f ) � P(f )G(f x ; f z); (3.11)

where

f z =

r
f 2

c2 � f 2
s +

r
f 2

c2 � f 2
g (3.12)

and

f x = f s + f g: (3.13)

The image data in the Fourier domain are obtained on a Cartesian grid by interpolation

from the Fourier-transformed raw data. The processis the sameasin the monostatic (colocated

sourceand receiver) wavenumber algorithm, except here the f ! f z interpolation is performed

at every (f s; f g), i.e., N 2 times for data from an N -element array.

This algorithm is much more e�cien t than standard, delay-and-sum beamforming, but ap-

plying it to ultrasound data setsinvolvessomecomplications. The main problem is that the �nal

inverseFourier transform will result in space-domainaliasing if there were scatterers located

beyond the endsof the imaging array. This is almost always the casein clinical applications|

the target area directly below the array is tiny comparedto the angular sector that is typically

imaged. The aliasing can be avoided by zero-padding the input data in space,on both the s

and g axes, but this quickly becomesprohibitiv e in terms of memory usage. For this reason,
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Figure 3.3 Time-migration results for a simple skull model simulated with a �nite-di�erence
code. (a) The skull model. (b) Imagesformed with various constant-sound-speedassumptions.
(c) Corrected image using the time-migration algorithm. (Targets in the upper row are 2�
apart.)

the Fourier-domain algorithm is usedonly for the �nite-di�erence simulation data presented in

this chapter; a standard delay-and-sum algorithm is usedelsewhere(Section 6.2.4).

3.4 Simulations

Figures 3.3 and 3.4 present simulation results designedto validate the rms sound-speed

concept. The second-order�nite-di�erence code sufdmod2 pml from version35.3of the Seismic

Unix package[57] is used to simulate acoustic propagation through constant-density, variable-
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Figure 3.4 Time-migration results for a cysts-and-speckle model simulated with a �nite-
di�erence code. (a) Cysts and speckle model; conventional 1500 m/s image. (b) Map of crms

from the time migration algorithm; corrected imagewith red circles indicating the bright spots
picked for crms estimation. (The two small cysts are 2� in diameter.)

sound-speed media. The simulation domain is sampled at 30 � m, corresponding to � /25 in

soft tissuesat the center frequencyof 2 MHz. A map of the sound speedat every point in the

domain servesas a \virtual target" and is constructed by a MATLAB program. An impulsive

sphericalwave is launched from the top of the domain, which hasperfectly absorbingboundary

conditions on all sides. During each simulation run, the up-coming re
ections are recordedat 64

positions along a 15-mm aperture. By running the simulation 64 times with 64 sourcepositions

acrossthe aperture, a complete data set is obtained, approximating the data acquired with

a real 64-element phasedarray. After these data are read into MATLAB, imagesare formed

using the Fourier-domain algorithm in Section 3.3.1, each assuminga di�eren t, constant speed
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of sound. Theseare then combined into a singlecomposite imageusing the map of crms obtained

in the time-migration algorithm.

The model for a simulated brain imaging problem is shown at the left of Figure 3.3. In

this simple approximation, the skull bone is modeledasa homogeneousmedium with 2400m/s

speed of sound. The background speed is 1500 m/s. The nine points in the upper row are

two wavelengths apart. In the �rst image, focusedassuminga 1500 m/s speed of sound, the

targets are not cleanly resolved|w e cannot even tell how many there are. At higher speeds

approaching 2000m/s, di�eren t targets comeinto focus, indicating the successof the hyperbolic

travel-time approximation. In the corrected composite image, all of the targets are reasonably

well-focused,even though the sound-speedvariation has a lateral component.

Figure 3.4 shows simulation results for a speckle-producing target with embeddedscatter-

free regions (cysts). The background speed of sound is 1400 m/s with a Gaussian-shaped,

higher-speed anomaly above the target. In the conventional image, formed assuminga 1500

m/s speed of sound, the large upper cysts are poorly de�ned and the lower small cysts are

almost invisible. In the corrected composite image, all of the cysts are much improved.

3.5 Exp erimen tal Results

In order to test theseideason real data, the completedata set ats slab wascollectedusing

a 64-element array transducer and a tissue-mimicking \phan tom" target in a water tank. (See

Chapter 6 for details of the experimental system and procedures.) An 18-mm-thick piece of

silicone rubber (GE RTV615, 1100m/s speedof sound) was placed betweenthe array and the

phantom target. The speed of sound in the phantom is 1450 m/s; we thus expect the rms

focusing speedsto be near 1100 m/s at the top of the phantom, growing toward 1450 m/s at

large depths.

Constant-sound-speed imagesof the upper 7 cm of the phantom (Figure 3.5) illustrate the

depth-dependenceof crms . The e�ect is particularly noticeableon the smaller cyst targets. The

shallower cysts focus best near 1200m/s, while the deepest cysts appear best at 1350m/s.

The time-migration algorithm from Section3.3 was applied to theseimages,but the results

were inconsistent. Sometargets provided \correct" sound-speedestimates, but numerous bad

estimatesharmed the quality of the crms map. This was still the caseafter numerousattempts

with di�eren t � and � parameters. Another time-migration algorithm could probably be

devisedthat would work better on this data set.
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Figure 3.5 Constant-sound-speedimagesof data set ats slab at (a) 1110m/s, (b) 1170m/s,
(c) 1230m/s, and (d) 1350m/s reveal the crms trend due to an 18-mm-thick layer of silicone
rubber (1100-m/s speedof sound) betweenthe transducer and the target. (The cysts at 0� are
7� in diameter, spaced1 cm apart.)

Becausethe primary motivation for this work was the brain-imaging problem, a number of

complete data sets were collected using rat, pig, and sheepskulls. In most of the scans,wire

targets were placed through the skull cavit y; in several, the intact brain was scanned. Both

medial and sagittal scanswereperformed at a variety of skull locations and stand-o� distances.

Unfortunately, the results were inconclusive. In most cases,the intended target could not be

found in the data. The reasonmay be that the 2.6-MHz transducer frequency is too high; the

imagesin [52] wereobtained using a 1.3-MHz transducer. The signal-to-noiseratio alsosu�ered

becauseonly one element was �red at a time. In the one or two data sets that appeared to

show a wire target, the wire appeared to focus best at or near the speed of sound in water.
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This may have beendue either to the skull being too thin, or to a lensing e�ect of nonuniform

skull thickness,or a combination of these.

3.6 Future Work

The time-migration algorithm basedon an automatic selectionof bright spots did not per-

form well on noisy, experimental data. More work is needed to �nd alternativ es that will

produce a more reliable crms map.

The applicabilit y of time migration to medical ultrasound imaging is still uncertain. The

best prospect remainsbrain imaging through the adult skull, but severeattenuation in the skull

is the �rst obstacle that must be overcome. More experiments are neededat lower frequencies

to establishhow well the skull may be modeledasa 
at layer of high sound-propagationspeed.
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CHAPTER 4

OVERDETERMINED LEAST-SQUARES
ABERRA TION ESTIMA TES

As discussedin Chapter 2, the high degreeof correlation betweencommon-midpoint signals

in a complete data set makes them attractiv e for estimating aberration pro�les (Figure 4.1).

The starting point for thesecalculations is a collection of estimated time-shifts betweensignals

within the common-midpoint gathers. Usually, to estimate the time shift betweentwo signals,

the displacement from zero of the peak in the signals' cross-correlationfunction is used.

Algorithms basedon common-midpoint signalanalysisare lesssusceptibleto misconvergence

than those requiring an initial transmit focus becausecommon-midpoint signalsremain highly

correlated even in the presenceof aberration. Looking at it another way, the processof transmit

focusing (summing ds;g(t) over s) discards potentially useful information; by analyzing the

common-midpoint gathers before this step, the extra information can be exploited, leading to

a more robust solution.

An automated method for estimating screen-model parameters from complete (prestack)

data was�rst developed in the context of the statics problem in seismicimaging [21]. This work

modeled the aberrating delays (the statics) as a rapidly varying, zero-meanrandom sequence.

By placing the time-shift estimates into a matrix with shot and geophoneposition (s and g)

axes, crude estimates of the aberrating delays were obtained by averaging individual rows or

columns. Later, the problem was re-examinedand cast into a least-squaresframework [22].

Rachlin [27] was the �rst to recognizethe potential of common-midpoint signals in medical

ultrasound imaging. He explained the redundancy of common-midpoint signals using a far-

�eld approximation in which these signals sample the same portion of the target's Fourier

transform. His algorithm estimates the pair-wise time shifts between many signals in each

common-midpoint gather. Thesetime-shift estimatesde�ne a systemof linear equationsin the

unknown aberrating delays f � kg. In a complete data set collected using an N -element array,

there are N midpoints at the element centers and N � 1 midpoints half-way betweenelements.
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Figure 4.1 Common-midpoint signalsare highly correlated.

For N even, at midpoint m there are

nx (m) =

8
<

:
bmc 1 � m � N +1

2

N + 1 � bm + 1=2c N
2 + 1 � m � N

(4.1)

signals in the common-midpoint gather, from which

ne(m) =
nx (m)(nx (m) � 1)

2
(4.2)

independent, pair-wise time-shift estimates may be obtained. The total number of equations

that may be written in the unknown � k 's is then

Ne =
NX

m=1

ne(m) +
N � 1X

m=1

ne(m + 1=2): (4.3)

This simpli�es to

Ne = 4
N=2X

m=1

m(m � 1)
2

�
N
4

�
N
2

� 1
�

(4.4)

=
N 3

12
�

N 2

8
�

N
12

; (4.5)
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or 21 328 equations for a 64-element array! Clearly, the system is highly overdetermined, even

in the typical caseof throwing out all but the highest-quality shift estimates.

Rachlin basedhis algorithm on a far-�eld assumption in which common-midpoint signals

are theoretically identical. As we have seenin Section 1.2.2, this is not the casefor re
ectors

in the near �eld|their echoestrace out hyperbolas. Normal moveout (NMO) correction,

t ! t0; where t0 =

r

t2 +
4h2

c2 ; (4.6)

should be applied beforeattempting to cross-correlatethe signals. Even this is a simpli�cation,

however, becauseit assumesthat re
ections occur directly below the midpoint, as they would

for a 
at re
ector. This is the major di�cult y in applying these ideas correctly to medical

ultrasound imaging: It is usually easy to �nd 
at re
ectors in seismic data, but they are

rare in biological tissue. In the body, the bulk of the re
ection energy comesfrom countless

subwavelength scatterers. This is why medical ultrasound scannerscan image a sector 90�

wide and several inches deep from an aperture less than an inch long|ec hoes return to the

transducer from every part of the medium reached by the transmitted wavefront.

Li recognizedthe needto extend NMO correction to scatterersat anglesother than � = 0� ,

the array normal [28]. His generalizedmoveout correction for scatterers at angle � , called the

\dynamic near-�eld delay correction" in [28], de�nes the changeof variable t ! t 0, where

t0 =

s �
t
2

� 2

+
h2

c2 � t
h
c

sin � +

s �
t
2

� 2

+
h2

c2 + t
h
c

sin � : (4.7)

Unfortunately, this operation by itself does nothing to suppressechoes coming from other

directions. Theseechoeswill not be 
attened in the \corrected" common-midpoint gather, and

this will lead to bias in the time-shift estimates. The moveout correction grows rapidly with

increasing o�set, and so does the bias from uncorrected, o�-axis scatterers. The problem is

particularly severe for small-element arrays having wide radiation patterns in azimuth.

Due to the wide-anglenature of ultrasound imaging, it is frequently the casethat oneaber-

ration pro�le cannot correct the entire image. This is the concept of an isoplanatic patch,

discussedin Section2.1.1. Multiple, independent pro�les must be derived for di�eren t azimuth

angles(and, lessfrequently , for di�eren t ranges). Thus, the lack of directionalit y in the process-

ing discussedso far is a compound problem: First, how can the echoesfrom di�eren t azimuths

be separatedin order to derive independent aberration pro�les? Second,even if the aberration
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pro�le is not � -dependent, how can bias be eliminated in the time-shift estimates,given that the

generalizedmoveout correction (Equation (4.7)) only correctsthe common-midpoint gathersfor

one azimuth at a time, but echoesfrom many azimuths are present?

Li's near-�eld signal redundancy (NFSR) algorithm [28,29] only considersthe time shifts

betweensignalsof o�set 0 and 1 element (after applying the moveout correction). This largely

succeedsin avoiding time-shift estimation bias, and the resulting set of N � 2 equations is

su�cien t to �nd the aberration pro�le to within an unknown linear tilt; however, the algorithm

hasto ignore the wealth of redundant information contained in the longer o�sets. Furthermore,

it has di�cult y �nding di�eren t aberration pro�les at di�eren t azimuth angleswhen usedwith

a small-element array.

A modi�ed versionof NFSR hasbeenintroduced [58,59] using steeredsubarrays to provide

somedirectionalit y. This is e�ectiv e, but has the drawback of reducing the resolution of the

estimated aberration pro�le becausethe elements of each subarray are assumedto share the

same time shift. It also still precludes the use of a large o�set spread to achieve a robust,

overdetermined system.

In this chapter, the directionalit y problem is addressedin a new way using two-dimensional

fan �lters. After introducing fan �lters asan aid to azimuth angleselectionin the aberration-free

case,the next sectionanalyzesthe e�ect of aberration on their performance. Fan �ltering is then

integrated into a new aberration-correction algorithm that usescommon-midpoint signals at

many o�sets to derive robust, least-squaresaberration pro�les. Results in Chapter 6 show that

this overdetermined, fan-�ltering (OFF) algorithm is e�ectiv e at estimating multiple, azimuth-

dependent aberration pro�les.

4.1 Angle Preselection Using 2-D Fan Filters

Consider a point sourcelocated at (x0; z0), representing the re
ection from a point target at

time zero (Figure 4.2). Let p(t) be the transmitted pulse and � (x) be the time-shift aberration

pro�le across the aperture. In a medium with a constant speed of sound, and neglecting

amplitude factors, the aberrated signal received acrossthe array is

~d(x; t) = p
�
t �

1
c

�
(x � x0)2 + z02� 1=2

� � (x)
�

: (4.8)
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Figure 4.2 The signals received along a linear array from a point source or point re
ector
occupy a fan-shaped region in the two-dimensionalFourier domain.

Fourier transforming in time, we have

~D(x; F ) = P(F ) exp
�

� j 2� F
c

�
(x � x0)2 + z02� 1=2

� j 2� F � (x)
�

: (4.9)

Becauseonly the phase of D depends on x, the instantaneous spatial frequency Fx may be

found from the derivative of this phasewith respect to x. For the caseof no aberration,

Fx =
1

2�
@� D

@x
(4.10)

= �
F
c

x � x0

((x � x0)2 + z02)1=2
(4.11)

=
F
c

sin � (4.12)

where � is de�ned in Figure 4.2. Thus, the unaberrated spectrum from a point target is

contained within the fan-shaped regionsdetermined by the temporal bandwidth and the spatial

extent of the aperture. If � t and � x are the sampling period and array pitch, respectively, then

using f and f x asthe frequencyvariablesin the discrete-timeand discrete-spaceFourier domain,

f x = f
� x sin �

� t c
: (4.13)
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Figure 4.3 (a) Ideal and (b) actual FIR fan-�lter responsesin the digital frequency domain
for removing all plane wave components except those from � = 2� to � = 12� . White is oneand
black is zero on this linear scale.

4.1.1 Implemen tation

In geophysical imaging, where the subsurfaceis commonly modeled as a seriesof linear

interfaces between rock layers, digital fan �lters de�ned by Equation (4.13) are called dip

�lters [9]. This is becauseechoesfrom a specular re
ecting interface comefrom an angle equal

to the dipping angle of that interface. Ultrasound targets, by contrast, are better viewed as

random distributions of point scatterers. Thus, fan �lters can be used to discard the echoes

from all but one image region, such as that being targeted for aberration correction.

While there are various techniques available for designing 2-D FIR fan �lters, a design

method basedon circularly symmetric windows [60] was found to give good results for a wide

range of �lter angles(Figure 4.3).

Figure 4.4 illustrates the application of fan �lters to data obtained experimentally from

a \phan tom" target (a tissue-mimicking physical model) with no aberration and moveout-

corrected for two di�eren t correction angles: 0� and 40� from the array normal. The bottom

panelsareobtained asfollows: First, fan �lters areapplied to the raw data by separately�ltering

each set of received signals acrossthe array when transmitting from one element. N di�eren t

fan �lters are used on these N wave�elds, each one designedto pass a �xed angular range
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Figure 4.4 Common-midpoint signalscorrectedfor scatterersat 0� and 40� from the array nor-
mal, and constructed from �ltered and un�ltered wave�elds. Only when using the appropriate
2-D FIR fan �lters are di�eren t echoesobserved at each angle.

centered on the angle determined by the transmitting element and the center of the scattering

region. Then, a set of common-midpoint signals are selectedfrom the �ltered complete data

set. Finally, the generalizedmoveout correction is applied.

Notice that in the un�ltered, upper panels, the sameechoesare dominant; the e�ect of the

moveout correction is merely to 
atten someechoes and under- or overcorrect others. After

passing the complete data set through fan �lters targeting scatterers at 0� and 40� with an

angular bandwidth of 10� , the common-midpoint signalsappear at �rst to be of lower quality;

notice, however, that di�er ent echoesare dominant at each angle. If angle-dependent aberration

were present, di�eren t time shifts would be observed in each panel.
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4.1.2 E�ect of aberration

The claims made for the bene�ts of fan �ltering have thus far neglected the e�ects of

aberration. Now supposethat � (x) is not zero. Letting ~D and D denote the received signals'

2-D spectra in the aberrated and unaberrated cases,respectively, application of the frequency-

convolution property yields

~D(Fx ; F ) = D(Fx ; F ) � U(Fx ; F ); (4.14)

where

U(Fx ; F ) = F x

h
e� j 2� F � (x)

i
(4.15)

and the convolution is in Fx . The e�ect of aberration, then, is to convolve the original spectrum

in spatial frequencywith that of a phase-modulated signal. The spectrum of phase-modulated

signals cannot, in general, be found analytically; some approximate results are known, how-

ever [61].

Supposethe aberration pro�le, � (x), canbemodeledasa Gaussianrandom processobtained

by passingwhite Gaussiannoisethrough the low-pass�lter de�ned by

h(x) = e� � a2x2
: (4.16)

The autocorrelation function of � (x) is then

r � (x) =
1

a
p

2
e� � a2x2=2 (4.17)

with power spectral density (PSD)

T(Fx ) =
1
a2 e� 2� F 2

x =a2
: (4.18)

De�ning the aberrator correlation length x0 as the width of r � (x) at half maximum, we have

a =
1
x0

r
8 ln 2

�
: (4.19)
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Figure 4.5 The e�ect of aberration on a target's spectrum in the 2-D Fourier domain is
to convolve the unaberrated spectrum in spatial frequency with a spreading function|the
spectrum of a sinusoid phase-modulated by the aberration pro�le. Here, the e�ect of three
aberration pro�les (a) is simulated in the 2-D Fourier domain (b). The spreading becomes
worse as the aberration pro�le 
uctuates more rapidly and as its amplitude increases. The
angled lines show the theoretical bounds derived in Section 4.1 in the absenceof aberration.

Following the derivation in [61] for phasemodulation by a Gaussianrandom process,de�ne the

mean-squarebandwidth of the aberration process� (x):

WT =

s R1
�1 F 2

x T(Fx )dFx
R1

�1 T(Fx )dFx
: (4.20)

The mean-squarebandwidth of the phase-modulated signal U in spatial frequency is then

WU =
F
x0

s
8ln 2

L

Z L=2

� L=2
� 2(x)dx; (4.21)

where L is the aperture length. The spatial-frequencyspreadinge�ect of aberration is thus in-

verselyproportional to the aberrator correlation length and proportional to the rms aberration.

There is qualitativ eagreement betweenthis result and the examplesconsideredin Figure 4.5.

Simulated speckle data were collected from a 10� -wide swath of scatterers,broadsideto and 55

mm from a 64-element array. When no aberration is present, the spectrum of the receivedsignals

falls cleanly within the boundsdictated by the recording geometry. A smooth, long-correlation-

length aberration pro�le (pro�le 1) broadensthe spectrum only slightly . Pro�le 2, with similar
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amplitude but a shorter correlation length, smearsmore energyoutside the boundary, but more

than half of the signal is still inside. Under pro�le 3, with its rapid, low-amplitude 
uctuations,

most of the signal remainswithin the original band while the remainder is spreadwidely across

the rest of the spatial frequencies.

4.2 Overdetermined, Fan-Filtering (OFF) Algorithm

For data from an N -element array, let ds;g(t) denote the signal received on element g when

�ring element s. dg(t; s) is the set of N signals received on all elements after �ring element s.

xs is the position of array element s. hmin and hmax are the minimum and maximum o�sets to

considerat each midpoint (subject to the array edgesfor midpoints near the ends). Figure 4.6

presents the steps neededto derive the aberration pro�le for a region of interest centered at

(xROI ; zROI ).

Di�eren t 2-D fan �lters are applied to each signal set dg(t; s). The angular acceptance

range is centered for the zero-o�set signal ds;s(t) from the region of interest, and � � is chosen

at least large enough to passsignals at hmax . Following this, at each midpoint, the common-

midpoint signalsarecorrectedfor geometricpath-length di�erences accordingto Equation (4.7).

Within the corrected common-midpoint signals, all pairwise cross-correlationsare performed.

Time-shift estimatesfrom thosepairs having cross-correlationcoe�cien ts above somethreshold

x t hr esh are incorporated into the overdetermined linear system A � = b. After every common-

midpoint set has beenprocessed,the A matrix is regularized using the singular-value decom-

position, and the least-squaressolution for the aberration pro�le � is obtained.

The maximum cross-correlationlag, � max , must be at least twice the expectedpeak-to-peak

amplitude of � . (To seewhy, imagine a cross-correlation between signals at small and large

o�sets, where the midpoint is located at a sharp dip in the aberration pro�le and the maximum

o�set reaches to the two adjacent peaks.) To prevent bad time-shift estimates due to \cycle

skipping," however, � max should be kept as small as possible. Fortunately, a small number of

bad estimates in this highly overdetermined system will not perturb the least-squaressolution

very much.

For caseswhere� max must besethigh enoughthat cycle-skippingin the time-shift estimates

becomesproblematic, the following correction procedure has been used: First, calculate the

error vector e and sort it by magnitude. Starting with the largest element of e, add or subtract

1=f c from the corresponding element of b for negative or positive error, respectively. Continue
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For s = 1: : : N f

Filter dg(t; s) with fan �lter passingangles� � � � , where � = arctan
�

xROI � xs
zROI

�
.

g

For m = 1: : : N f
For h = hmin : : : hmax f

Interpolate dm+ h;m � h(t) ! dm+ h;m � h(t0) (Equation (4.7)).
g

For h1 = hmin : : : hmax f
For h2 = (h1 + 1) : : : hmax f

Cross-correlatedm+ h1 ;m � h1 (t0) and dm+ h2 ;m � h2 (t0) at lags � � max : : : � max ,
yielding shift estimate � h1h2 .

If peak correlation > x t hr esh f

A =

"
A

� � � 0
(m� h2 )

� 1 0 � � � 0
(m� h1 )

1 0 � � � 0
(m+ h1 )

1 0 � � � 0
(m+ h2 )

� 1 0 � � �

#

b =
�

b
� h1h2

�

g
g

g
g

RegularizeA and solve A � = b using the SVD.

Figure 4.6 The OFF algorithm: Overdetermined, least-squaressolution for the aberration
pro�le at (xROI ; zROI ).

for elements of e larger than � times the mean error, then stop, calculate an updated error

vector, and start the processover. Repeat until the mean error stops decreasing.

For the results presented in Chapter 6, � � was 10� and x t hr esh was 0.5. The o�set range

hmin to hmax was 1 to 12 elements. (Zero-o�set data were excluded for simplicit y becausethe

data-acquisition procedureroutes the N zero-o�set, pulse-echo signalsthrough di�eren t analog

hardware than the other N 2 � N signals.) For the b-adjustment procedure in the preceding

paragraph, � was 3.

Figure 4.7 shows a typical segment of the A matrix. Using the above parametersand data

from a 64-element array, the number of rows is commonly 2000or more.
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Figure 4.7 A portion of the A matrix. Each row corresponds to a time-shift estimate which
de�nes an equation in four unknown aberrating delays. The pattern is due to the ordering of
the equationsby midpoint; equations for 10 midpoints form this segment.

4.3 Discussion and Future Research

The proposedalgorithm is very similar to the approach described by Taner et al. for the

seismicstatics problem [22], the key addition being the angle-selectivity a�orded by fan �ltering.

Like the linear system described in that work, the A matrix in OFF turns out to be rank-

de�cient. In this formulation, the rank is always N � 2, implying that the solution for � is

indeterminate by a linear component. Although surprising at �rst, this fact has an intuitiv e

explanation.

First, note that becausethe systemis built up from pair-wise relativeshift estimatesbetween

signals,the solution for f � k ; k = 1: : : N g is clearly insensitive to an overall constant shift. Thus,

f � k + C; k = 1: : : N g is also a solution for any constant C becausethis does not change the

relative time-shifts between signals. Now consider any single row in A . Becausethe pair of

signalshas the samemidpoint, the contribution of any linear component in � is canceledout by

the symmetry of the equation|the displacement of transmitters is equal and opposite to the

displacement of receivers. (If we were not restricted to common-midpoint signals, this would

not be true, and A would have rank N � 1.)
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The rank-de�ciency of A is not a problem in practice. All of the robustnessbene�ts from

a highly overdetermined system still apply. Using the singular-value decomposition yields the

minimum-norm solution, which will be the true aberration pro�le with any linear component

subtracted out. To �rst order, a linear tilt of the focusingdelays is equivalent to a steering-angle

change,and the addition of a constant is equivalent to a changein depth. Becausetheseterms

are always small (at worst, of the sameorder as the peak-to-peak aberration), the quality of

focusing will not be a�ected.

Experimental results in Chapter 6 indicate that the greatest error in the derived aberration

pro�les occursnear the endsof the aperture. This is to be expected,sincethere are fewer o�sets

and hencefewer equations available to constrain the pro�le there. It may be bene�cial, then,

to employ a larger aperture for aberration correction, then throw away a handful of elements at

each end and image using the central part of the aperture where the aberration pro�le is more

accurate.

As noted in the previous section, the least-squaressolution is robust to a small number of

bad time-shift estimates. Despite this, experiments suggestthat this algorithm's performance

is ultimately limited by \cycle-skipping"|one-p eriod errors in the time-shift estimates. As

aberration becomesmore severe, the maximum cross-correlationlag (� max ) must be increased,

and one-period errors becomemore likely. If the solution schemecould be modi�ed to exploit

the fact that most of the time-shift estimates are still correct modulo one period, the overall

performance might be signi�cantly improved. The post-processing,b-adjustment step is an

improvement, but not an optimal solution. A di�eren t strategy would be to view this as

a nonlinear optimization problem. In the context of the seismic statics problem, a form of

simulated annealinghasbeenshown to reach good solutionswhencycle-skippingwould normally

be troublesome[62].

The e�ect of iteration on OFF remains to be investigated. In casesof severe aberration,

a partially correct estimated pro�le from the �rst iteration could be applied to the raw data

prior to the seconditeration. Correcting someor most of the aberration prior to fan �ltering

would reducethe spreadinge�ect of aberration in spatial frequency, possibly leading to a better

aberration estimate.

The abilit y of OFF to �nd an approximate solution even in the presenceof severeaberration

suggestsits use as a bootstrapping method for other algorithms, particularly those requiring

a transmit focus. The degreeto which OFF might complement iterativ e focusing approaches

should be explored further.
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CHAPTER 5

FOCUSING-OPERA TOR UPD ATING VIA
DYNAMIC PR OGRAMMING

Recent work in the geophysicscommunit y has recognizedthe utilit y of viewing the prestack

migration processas a sequenceof two focusing steps: focusing on transmission followed by

focusing on reception1 [45{47]. The intermediate result of this processis a collection of N

receivedsignalsresulting from a focusedtransmit pulse. (Note that with a completedata set, the

two focusing stepscan be interchanged;the intermediate result then becomesthe set of beam-

sumsignalsresulting from N single-element transmissions.) Thesesignalshavebeenwidely used

for aberration correction in ultrasound, e.g., in the nearest-neighbor cross-correlation(NNCC)

algorithm [23]. In [45], the intermediate signalsare called a common-focus-point (CFP) gather;

the two focusing steps are also formalized in terms of focusing operators. It will be seenthat

this formalism yields a better understanding of aberration correction algorithms utilizing a

transmit focus and also provides ideasfor improvements.

5.1 Focusing Op erators and the Principle of Equal Travel Time

As explained in Section 2.2, transmit focusing is expressedas the summation over transmit

elements of time-shifted signals in the complete data set d. Neglecting amplitude factors,

d0
g(t) =

NX

s=1

ds;g(t + ~ts(x0; z0)) ; (5.1)

whered0
g(t) is the CFP gather and ~ts(x0; z0) is the true focusingoperator (one-way travel times)

for a target at (x0; z0). (~ts(x0; z0) equalsthe hyperbola ts(x0; z0; c) in the absenceof aberration.)

1This may seemstrange, given that ultrasound researchers have long tended to view the imaging
processin precisely this way. Geophysicists, however, have used other equivalent but conceptually
di�eren t models|for example, \moving" sourcesand receivers via backpropagation to the samedepth,
then evaluating the result at coincident sourceand receiver location and zero time.
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The secondfocusing step, this time advancing and summing the signals in the CFP gather,

yields

d00(t) =
NX

g=1

d0
g(t + ~tg(x0; z0)) : (5.2)

If the focusingoperator wascorrect, the imagepoint (x0; z0) is given by d00(0). Notice again that

the samefocusing operator is used for both focusing operations. By reciprocity, the operator

that focuseson (x0; z0) at t = 0 is the sameas the operator that coherently sums the arrivals

from (x0; z0) following an \explosion" at t = 0. (The amplitudes are not generally the same,

however.) If we de�ne d00
g(t) to be the shifted signalsfrom the CFP gather prior to summation,

d00
g(t) = d0

g(t + ~tg(x0; z0)) ; (5.3)

then a properly focusedevent (a point re
ector, for example) will appear as a straight line at

t = 0. This is termed a di�eren tial time-shift (DTS) panel in [47]. Note that de�ning these

focusingstepsastime shifts rather than convolutions presumessingle-valued focusingoperators

and sharp transmit pulses.

Consider the exampleof a point re
ector focusedusing two di�eren t operators|one correct

and one assuminga speed of sound that is 150 m/s too high (Figure 5.1). Using the correct

operator, the echo in d0
g(t) (the common-focus-point gather) from the point re
ector exactly

matches the focusing operator; upon shifting for the secondreceive-focusing step, this echo is

perfectly 
attened at t = 0 and ready for coherent summation. Using the incorrect operator,

the echo and the operator do not match and the response is displaced from t = 0 in d00
g(t).

Notice that the correct focusing operator lies somewherebetween the incorrect operator and

the received echo in the CFP gather. In [46] it is shown that this will always be the case,

leading to an iterativ e procedurefor operator updating.

5.1.1 Focusing operator up dating

The true focusing operator for a given target is always bounded in the CFP gather by

the target's echo and the [generally incorrect] operator being used. A reasonableupdating

strategy [46] is to locatethe target's echo and takethe di�erence, � t k , betweenit and the current

operator at each array element. This is best visualized in the di�eren tial time-shift (DTS) panel

d00
g(t), where the once-focuseddata has already beenshifted by the focusing operator and any

di�erence between the operator and the target echo shows up as a deviation from t = 0. Add
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Figure 5.1 Common-focus-point (CFP) gathers and di�eren tial time-shift (DTS) panelsfor a
correct focusingoperator and for a 150m/s sound-speederror. (a) Correct operator for focusing
on the boxed target. (b) Operator calculated for a speedof sound that is 150 m/s too high.
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Figure 5.2 (a) DTS panelsand picked target echoes(in green) for �v e updates to the focusing
operator. (b) The resulting aberration pro�le.

half of this di�erence to the current operator:

t i +1
k = t i

k +
� tk

2
; 1 � k � N : (5.4)

An example of the updating processis shown in Figure 5.2. In this case,the aberrator was a

section of a rabbit's chest wall oriented so that the scanplane cut acrossthe ribs. The target

was a point-lik e re
ector at the top of an anechoic region in a \phan tom"|a physical model

designedto simulate the ultrasonic properties of real tissue. The re
ection is similar to what

would be observed at the top of a blood vessel.The green line shows the times picked for the

echo at each iteration; the picking is automatic, using a technique described in the next section.

After �v e iterations, the target echo appears
at. The aberration pro�le derived from the �nal

operator shows two peaksat the rib locations.

5.1.2 Comparison to NNCC

The updating technique just presented is very similar to the nearest-neighbor cross-

correlation (NNCC) algorithm of Flax and O'Donnell [23]. Translating their algorithm into

the framework usedhere, it may be summarizedas follows:

1. Transmit a focusedpulse using the ideal, hyperbolic focusing operator t k (x0; z0; c).
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2. Recordthe receivedsignalsfrom all array elements; this is the common-focus-point gather,

d0
g(t).

3. Cross-correlated0
k (t) and d0

k+1 (t) for k = 1: : : N � 1 to estimate the time shifts � tk;k+1

betweenadjacent elements. The time window usedshould span many resolution cells in

depth.

4. Form the �rst updated focusing operator by integrating the time-shift estimates across

the array: ~t1
1 = t1, ~t1

2 = ~t1
1 + � t1;2, ~t1

3 = ~t1
2 + � t2;3, etc.

5. Adjust the new operator asneededto prevent focal point drift with iteration; for example,

removing the best-�t linear component from the update term prevents a change in the

steering angle.

6. Iterate by using the new operator ~t1 on transmissionand performing the cross-correlations

and the update step again to obtain ~t2. Continue until the operator converges.

Clearly, both NNCC and the algorithm proposedhereattempt to update a focusingoperator

using the information in d0
g(t). Both are iterativ e. There are three signi�cant di�erences,

however:

1. In its original form, the proposedupdating procedure assumesthat a speci�c re
ection

event (the target echo) can be identi�ed and tracked in d00
g(t). The focusing operator

is updated until this echo is 
attened at t = 0. By contrast, NNCC cross-correlates

fairly long portions of the received signals,corresponding to a 1 or 2 cm range at typical

ultrasound bandwidths, without attempting to \lo ck on" to any particular feature.

2. NNCC updates the focusing operator in a relative sense,without an absolute reference

point. The event-tracking algorithm uses the deviation of an event from its expected

arrival time to update the operator in an absolutesense|it exploits the principle of equal

travel-time.

3. NNCC estimatesthe element-to-element time shifts using simple cross-correlations,with

no memory. A tracking method to pick the target echo in the proposedalgorithm hasnot

been speci�ed yet; in seismicimaging it would typically involve somehuman input. An

automatic technique with path memory, basedon dynamic programming, is discussedin

the next section.
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Regarding (1), it could be asked whether \events" (to usethe geophysical term) even exist

in typical ultrasound data. In other words, are there coherent re
ections which a tracking

algorithm could exploit in the updating process?While seismicimagesare �lled with interfaces

between rock layers, ultrasound depends on volumes of random scatterers for much of the

re
ected energy. (This is why it can imagesuch a wide swath in azimuth from a comparatively

small aperture.) Previouswork in the medical ultrasound literature hasconcentrated on speckle

becauseit is prevalent in ultrasound imagesand is a limiting factor in time-shift estimation

accuracy[30]. The spatial correlation of the N received echoesfollowing a transmission focused

onto a speckle-generating tissue patch can be predicted with a form of the van Cittert-Zernik e

theorem [25,26]. This analysis treats the random scattering region at the focus as a sourceof

incoherent radiation. When there is no aberration present, the correlation between signals in

d00
g(t) is a triangle function of the distance betweenthe elements under consideration. The rate

of decorrelation with element separation increasesas the aperture shrinks, or as aberration is

introduced. To obtain better time-shift estimates, longer time windows should be used. Under

severe aberration, the decorrelation is too great for algorithms like NNCC to converge.

While fully developed speckle may serve as a useful worst-casetest for these algorithms,

clinical ultrasound imagesexhibit varying degreesof coherent and incoherent scatter. If enough

locations returning coherent echoescan be found in the image, the operator-updating strategy

presented here may be successful.This ultimately depends on the content of \t ypical" ultra-

sound imagesand the abilit y of the correction algorithm to pick the best locations for operator

updating.

Becausecomplete clinical data setsare not publicly available and the present research has

been largely restricted to synthetic aberrators and tissue-mimicking phantom targets, further

research is necessaryto determine if the proposedoperator-updating algorithm will be useful

in practice.

5.2 An Automatic Op erator-Up dating Algorithm

Figure 5.3 outlines the implementation of the overall algorithm for picking initial points,

iterativ ely updating the focusing operator at those points, and evaluating the convergedoper-

ators. In this section, each part is described in detail. Becausethere are so many adjustable

parameters in the algorithm, the values chosenfor the experiments in Chapter 6 are listed in

Table 5.1 for reference.
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Form an initial image (assumeno aberration).

Choosebright spots subject to a minimum spacingdmin1 (seetext). For each bright
point, compute d00

g(t) and run the Viterbi algorithm once. Store the point's
coordinates (r b; � b) and Qmax in B.

For each � 2 f� 30� ; � 20� ; : : : ; 30� g f
For each b 2 B where (� � 5� ) � � b � (� + 5� ) f

Initialize ~t with hyperbolic operator for (r b; � b), or other initial operator in b.
� tk = 0; k = 1: : : N
Do f

~tk = ~tk + � tk=2; k = 1: : : N
Compute new d00

g(t) using ~t and run Viterbi algorithm.
Set � t = highest-quality path through d00

g(t), Q = corresponding quality.

If (Q < Qmin , or Q < C1Qmax (stored in B), or iteration count > N i )
Reject this operator: Remove entry from B and terminate iteration.

Else f
p = S1

P N
i=2 j� t i � � t i � 1j + S2j� tN � � t1j + S3

P N
i=1 j� t i j

Find t, the best hyperbolic �t to ~t in the least-squaressense.
If (p < 1=f c and max j~tk � tk j < S4 and max j~tk � tk � ~tk� 1 + tk� 1j < S5)

Accept this operator and terminate iteration.
g

g While (iteration not terminated)

If (operator was accepted)f
If (~t located � dmin2 from all existing operator locations)

Add to list of operators.

For k = 1: : : 3 f
t̂k+ = ~t + k� r @t

@r ; t̂k� = ~t � k� r @t
@r (Equation (5.14))

Compute d00
g(t) using t̂k+ ; t̂k� and run Viterbi algorithm onceon each.

g
For the t̂k+ and t̂k� with the highest-quality paths f

If (t̂ located � dmin2 from all existing points in B)
Store location and initial operator t̂ in B.

g
g

g
g

Figure 5.3 Dynamic-programming, operator-updating aberration-correction algorithm.
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Table 5.1 Parameter values used in the dynamic-programming algorithm for the results in
Chapter 6.

dmin1 8 mm
dmin2 4 mm

V.A. Nstates 101
V.A. dmax 4

w(t) Gaussian,5.6 � s width at half-max
� 0.2

Qmin 0.16
S1 0.8
S2 1
S3 0.006
S4 3 � 10� 7 s
S5 (0:35=f c) s
C1 0.9
N i 12
� r Nstates � t c (6 mm, for typ. � t = 40 ns)

5.2.1 Dynamic programming

The task of picking the target echo in d00
g(t) can be recastas that of �nding an optimal path

through a trellis. This trellis hasN stages,and the time samplesof d00
g(t) constitute the discrete

set of states at each stage. We wish to select the path through d00
g(t) that traces a constant

phasealong the re
ection event. Finding a theoretical basis for optimalit y will be di�cult or

impossible;in many situations the necessaryinformation may not even exist within d00
g(t). We

can, however, de�ne the costs associated with each step along a path so that the \optimal"

path will approximate the one chosenby a skilled human observer.

This is an exampleof a deterministic dynamic programming problem [63]. Theseproblems

require the evolution of the system (the construction of a path) to be in discrete stages,with

a cost that is additiv e over the path. Then, the dynamic programming principle of optimalit y

holds: Consider the optimal path through the trellis from start to �nish. The optimal sub-path

from any point along this path to the �nish must follow the sameroute as the overall optimal

path. (If this were not true, a new path from start to �nish could easily be constructed that

would be \b etter than optimal.")

The principle of optimalit y makes it possible to �nd the optimal path e�cien tly . A well-

known algorithm for doing so is the Viterbi algorithm [64,65]. Trial paths are built through

the trellis, one stage at a time, by connecting each trellis state at stage k with the path

terminating at stage k � 1 that minimizes the total cost-thus-far. At the last stage, the best
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path is kept. The Viterbi algorithm was originally used for the maximum-likelihood decoding

of convolutional codes, but has been used in many other settings since then. For example,

in seismicprocessing,it has been used to automate the matching of compressional-wave and

shear-wave seismograms[66].

5.2.2 Qualit y function

The Viterbi algorithm is implemented so as to maximize an additiv e quality value, Q =
P

qk� 1;k , which is de�ned for each transition betweenstagesand is composedof two parts,

qk� 1;k = qcoherence
k� 1;k + qwiggle

k� 1;k : (5.5)

In order to make the optimal path relatively insensitive to amplitude 
uctuations, Q incor-

porates a measureof echo coherence[67]. This is de�ned as the ratio of coherently summed

energyto incoherently summedenergyover a time-windowed path through d00
g(t) up to stagek:

� k =

R
t w(t)

�
�
�
P k

g=1 d00
g(t + � tg)

�
�
�
2

dt
R

t w(t)
P k

g=1 jd00
g(t + � tg)j2dt

: (5.6)

(The samemeasureis usedextensively in seismicprocessing,where it is called semblance [68].)

Here � tg is the path deviation from t = 0 at stage (and element) g. w(t) is a Gaussiantime

window. The quality measuremust be additiv e over every path, so the change in coherenceis

used:

qcoherence
k� 1;k = � k � � k� 1: (5.7)

To encouragesmooth paths, the quality is discounted by a term which grows with the length

of the transition betweenstages:

qwiggle
k� 1;k = � � (� tk � � tk� 1)2f 2

c ; (5.8)

where f c is the array-transducer center frequencyand � is a tunable parameter.

The number of trellis states, Nnstates , is a trade-o� between computation time and the

likelihood of �nding a coherent echo; 101 states were used in the experiments. The maximum

jump at each stage,dmax , dependson the expected maximum slope of the aberration pro�le; a

value of 4 was usedin the experiments.
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If the window w(t) is long, the picking algorithm will behave more like NNCC in the sense

that it will not \lo ck on" as readily to individual coherent events. In contrast to NNCC, the

operator is still updated in an absolute sensebecausethe algorithm picks one particular path

through d00
g(t), but this choice of optimal path will tend to bounce around from one iteration

to the next. If w(t) is short (on the sameorder as the length of the transmitted pulse), the

algorithm will settle down quickly once it �nds a coherent echo. The choice depends on the

expected target properties. Sincethe main target usedin our experiments is primarily speckle-

generating and returns very few coherent echoes, the half-magnitude width of w(t) was set to

15 cyclesat f c = 2:6 MHz. This is equivalent to about 4 mm in range,still lessthan the 20 mm

recommendedfor NNCC in [24].

The picking algorithm is not phase-sensitive; that is, it may chooseany constant phasealong

the picked event that maximizes the quality measure. The picked phasewill sometimesdi�er

from oneiteration to the next, until the quality maximum is centered. Aligning a random phase

at t = 0 is not a signi�cant problem becauseadding a small constant (less than the length of

the transmit pulse) to a focusing operator is equivalent to a tiny changein depth.

5.2.3 Selection of initial poin ts

In order for the operator-updating algorithm to converge,d00
g(t), the DTS panel,must contain

an echo or echoeswith someminimal degreeof coherence.As aberration increases,the coherence

of echoesfrom speckle regionsrapidly degradesto the point whereconvergenceis unlikely|ev en

a human operator could not hope to pick the correct path through Figure 5.4, for example.

Under severeaberration, the successof this algorithm is critically dependent on the selection

of initial focal points that can provide echoes of higher coherencethan those from speckle.

If convergencecan be achieved at just a handful of these locations, the resulting aberration

pro�les can be usedfor the initial transmit foci at other placesin the image. In this way, many

aberration pro�les can eventually be found.

The approach taken here is to search an initial, conventionally focused image for isolated

bright spots that will serve as the initial focal points in the operator-updating process. The

following algorithm has beenusedin the experimental results:

1. Convolve the image with a circular 2-D �lter having 1 at the center and a small negative

value over the rest of the area, such that the sum of the elements is zero. The �lter is at

least several resolution cells in diameter.
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Figure 5.4 A DTS panel with poor coherencefor which the dynamic-programming algorithm
is unlikely to converge.

2. Sort the points in the processedimageby decreasingmagnitude. Store the brightest point

as the �rst in the list of initial points for operator updating.

3. Consider the next-brightest point. If it is at least dmin1 distance away from the brightest

point, add it to the list also.

4. Consider the rest of the points down to somethreshold in magnitude. For each one, add

it to the list of initial points for operator updating only if it is dmin1 distance away from

all of the points already on the list.

After the initial points are chosen,the algorithm sorts them into groups by azimuth angle

and the operator-updating processbeginson the �rst point.

5.2.4 Evaluating convergence and terminating the iteration

Becausemisconvergenceoccurs easily (seeSection 5.3), tests are performed at each itera-

tion of the operator-updating processto reduce the chance of an incorrect focusing operator

inadvertently being acceptedby the algorithm. Any of the following conditions will terminate

the iteration and causethe algorithm to move on to the next target point:
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1. The quality, Q, of the last chosen path through the DTS panel is less than Qmin , an

adjustable parameter.

2. The quality, Q, of the last chosen path through the DTS panel is less than C1 times

the quality of the path chosen in the �rst iteration at this point. (C1 is an adjustable

parameter.)

3. The maximum number of iterations, N i , hasbeenexceeded,and convergencehasnot been

reached.

Convergenceis detected using a test statistic that evaluates how well an event is aligned at

t = 0 in the DTS panel. It is calculated each time the Viterbi algorithm is run to pick an event

in d00
g(t). Convergenceis declaredwhen

S1

NX

i =2

j� t i � � t i � 1j + S2j� tN � � t1j + S3

NX

i =1

j� t i j <
1
f c

(5.9)

where S1, S2, and S3 are all adjustable parameters. The �rst term measuresthe bumpinessof

the picked event, the secondterm measurestilt, and the third term evaluateshow well centered

at t = 0 the event is.

If convergenceis detectedin the DTS panel, further checks are made. The aberration pro�le

is computed as the di�erence between the converged operator ~t and the best-�t hyperbolic

operator t,

� k = ~tk � tk ; k = 1: : : N : (5.10)

Then, requiring

max
k

j� k j < S4 and (5.11)

max
k

j� k � � k� 1j < S5 (5.12)

ensuresthat the aberration pro�le lies within reasonablebounds and contains no large jumps

(determined by adjustable parametersS4 and S5). Finally, the convergedoperator is added to

the �nal list as long as its estimated location is at least dmin2 away from every other operator

in the list.
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5.2.5 Stepping in range using �rst-order di�eren tial up dates

Once an accurate focusing operator is determined for one focal position, it is desirable to

usethe associated aberration pro�le as a �rst estimate for nearby foci, sinceaberration pro�les

are expected to changeslowly acrossthe image, especially in range. Once a correct operator is

found, the dynamic-programming algorithm will often convergesuccessfullyat many locations

where it would have failed starting from an initial hyperbolic operator.

Estimated operators for deeper and shallower locations in the image are formed using �rst-

order perturbations of the current operator. Taking the derivative of the hyperbolic travel-time

with respect to range, we have

t(x; r 0; � 0; c) =
1
c

p
(x � r 0sin � 0)2 + r 02 cos2 � 0 =

1
c

p
x2 � 2r 0x sin � 0+ r 02 (5.13)

@t
@r 0 =

� x sin � 0+ r 0

c
p

x2 � 2r 0x sin � 0+ r 02
: (5.14)

Trial operators are calculated for three range steps of size � r in each direction from the

current operator. For each one, a DTS panel is calculated and the Viterbi algorithm is run to

pick the optimal path. The operators yielding the highest-quality picks in each direction are

saved to the list of points still to process,as long as their estimated locations are at least dmin2

away from all of the others in the initial-p oints list.

5.3 Discussion and Future Research

The dynamic-programmingaberration-correction algorithm is proneto misconvergencewhen

a su�cien tly coherent echo is not present in the DTS panel. A typical caseis shown in Fig-

ure 5.5. The algorithm appears to be 
attening the speckle echoesover disconnectedpiecesof

the aperture. From comparisonswith the OFF algorithm in Chapter 4, the aberration pro�le

in the lower right-hand corner is known to be incorrect.

In somecases,most of the aperture appearswell-corrected, but a large discontinuit y forms

where the picking algorithm has jumped cycles. Once this happens, it becomesself-reinforcing

and the algorithm will not reverseits mistake. If a method for detecting and �xing thesesharp

jumps could be implemented, the performancewould improve somewhat.

More research is neededto optimize the selection of initial focal points for the algorithm.

This would be broadly applicable to other aberration-correction algorithms using a transmit

focus, like NNCC. The bright-spots technique in Section 5.2.3 was easy to implement, but it
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Figure 5.5 An exampleof misconvergencewith the dynamic-programming algorithm. (a) The
initial DTS panel. (b) and (c) After 5 and 10 iterations the dynamic-programming algorithm
appearsto have converged. (d) The derived aberration pro�le is incorrect. Note that the echoes
above and below t = 0 in the DTS panelsstill appear jumbled.

could probably be improved. When isolated bright spots are present, picking them is a good

strategy, but in a more uniform �eld the brightest points may not necessarilycoincidewith the

most coherent echoes. In addition, when the aberration is severe, the initial, conventionally

focusedimage becomeslessuseful for �nding thesepoints. Examining the received wave�elds

in d00
g(t) over the entire image,using the Viterbi algorithm to estimate the quality of the echoes,

and then going back to promising locations for iteration is one possibility. It would greatly

increasethe computational requirements, however.
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It is unclear under what conditions the DTS panel d00
g(t) contains su�cien t information

to correct for a given level of aberration. Apart from studies of speckle and its in
uence on

correlation-basedtime-shift estimates[25,26,30], little is known. It is possiblethat NNCC-lik e

algorithms (including the dynamic-programming algorithm presented here) cannot be signi�-

cantly improved, and further progresswill require the useof completedata prior to any focusing.
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CHAPTER 6

EXPERIMENT AL PR OCEDURES AND RESUL TS

Water-tank experiments have been conducted to evaluate the aberration-correction per-

formance of the overdetermined, fan-�ltering algorithm (OFF, Chapter 4), the dynamic-

programming algorithm (Chapter 5), and three representativ e published algorithms. This

chapter describesthe equipment and proceduresfor collecting completedata sets,the particular

implementations of the three published algorithms, and the imaging methodology, followed by

an extendeddiscussionof the results.

6.1 Exp erimen tal Apparatus

6.1.1 Arra y imaging system

Most of the complete data sets used in this research were acquired in the Bioacoustics

Research Laboratory using a 64-element array transducer (2.6-MHz center frequency, 315-� m

pitch) and a custom data-acquisition system (Figures 6.1 and 6.2). RF multiplexers (Matrix

Systems, Calabasas,CA) permit the independent selection of single elements on receive or

transmit. Transmit pulses (approximately 100 volts peak-to-peak, loaded) are provided by a

Panametrics 5800pulser/receiver. A GPIB-connected digital oscilloscope carries out the tasks

of digitization and averaging. Scans were conducted in a tank of degassedwater at room

temperature.

The receiver portion of the Panametrics pulser/receiver is unused except for the 64 pulse-

echo signalscomprising the monostatic subsetof the complete data set. Signalsfrom the other

4032bistatic transmit-receive element combinations are routed to the data-acquisition system

through four low-noiseRF preampli�ers (App endix A). Thesewere designed,built, and tested

by hand for optimum noise performance at the frequenciesand input impedancespresented

by the array transducer. The circuit usesa National SemiconductorCLC5509 chip which was

designedspeci�cally for medical ultrasound scanner front-ends. The preamps achieve a peak
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Figure 6.1 Apparatus for collecting complete data sets from a 64-element array transducer.

voltage gain of 33 dB at 3 MHz, with lessthan 1 nV/
p

Hz of input-referred noise. In terms of

noiseperformance,the custom preampsare far superior to the front end of the pulser/receiver,

but the latter must still be usedfor the special caseof transmitting and receiving on the same

element becausethe custom preampsare not capableof transmit/receiv e switching.

Individual array elements are selectedfor receive or transmit by a GPIB-controlled RF mul-

tiplexer system. The switch con�guration was designedlocally and custom-built for this appli-

cation. It allows parallel acquisition of up to four elements on receive and provides spareinputs

for routing the same-element (monostatic) signals to the receiver side of the pulser/receiver.

The switchescan handle standard high-voltage transmit pulsesand maintain better than 90-dB

isolation betweenchannelsover the transducer bandwidth. To connect the array to the multi-

plexers,an adapter box wasconstructed by carefully soldering64 miniature coaxial cableswith

BNC connectorson one end to the mating high-density array connector.

A software application commands the multiplexers through all 4096 transmit/receiv e ele-

ment combinations and acquires four waveforms at a time from the digital oscilloscope. The

oscilloscope averageseach signal over many transmit pulses (commonly 100{300) to improve

SNR. The data are saved as a 64 � 64 � N t complete data cube for later processingin MAT-
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Figure 6.2 Pictures of the experimental apparatus. (a) The 64-element phased-array trans-
ducer. (b) The computer-controlled RF switching systemusedfor selectingsinglearray elements
on transmit and receive. (c) The low-noisepreampsin use. (d) A common-shotgather showing
the expected hyperbolic moveout of the re
ection from the bottom of the water tank.

LAB. N t , the number of time samples,is usually about 5000. Depending on the length of the

waveforms and the amount of averaging, a complete data set takes between 1 and 4 hours to

acquire.

6.1.2 Targets for imaging

A tissue-mimicking phantom (ATS model #539, Figure 6.3) served as the target for most of

the data sets. The phantom is a physical model approximating the scattering and attenuation
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Figure 6.3 The ATS 539 phantom target.

properties of biological tissue. It useswires and cylindrical structures to simulate point tar-

gets and cysts of various sizesplaced within speckle-producing background scatter. Anechoic

(scatter-free) cysts with diameters of 8, 6, 4, 3, and 2 mm are arranged in �v e columns. In

Figure 6.3, the 2-mm cysts are just barely visible near the top of the image. Another column

of cysts are 15 mm in diameter, with scattering gradations from 15 dB above to 15 dB below

the background level. The background has a 1450-m/s speedof sound.

The � 40� �eld of view for our locally collected data sets covers the part of the phantom

containing cysts with a speckle background. There is only one point target, far to one side,

in most of the images. This choice of target region is intended to increasethe di�cult y of

the aberration correction challenge. Strong, coherent scatterers (such as wire targets) make

aberration correction much easierfor somealgorithms by serving asclear \b eaconsignals" [23].

In our target region, however, only the echoes from the top and bottom of each cyst are more

coherent than fully developed speckle.
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Figure 6.4 The RTV silicone aberrators; pro�le views of the \thin" and \thic k" aberrators.
(The \slab" aberrator, not pictured here, is a thick pieceof silicone with no ripples.)

Table 6.1 Synthetic aberrator properties.

Maximum Peak-to-peak Correlation
Name thickness(mm) ripple (mm) length (mm)
slab 18 0 |
thin 3 1 2.4
thick 4 2 2.9

6.1.3 Silicone aberrators

Arti�cial aberrating structures (Figure 6.4, Table 6.1) wereconstructed from GE RTV615, a

two-part, room-temperature-vulcanizing silicone rubber. This material has an 1100-m/s speed

of sound and an acoustic impedancesimilar to that of soft tissue, providing strong refraction

e�ects without much reverberation. The aberrators have a rippled surface on the underside,

created by pouring the liquid silicone into a rippled mold. The mold material was Ivory soap,

carved using piecesof sheetmetal that had template curvescut into their edgeswith a rotary

tool.

During scansin the water tank, the aberrators' ripples werecarefully aligned with the array

elements. By thusrestricting the aberration to onedimension,a fair test of aberration correction

was made possible with the one-dimensionalarray. (It is well-established that aberration in

real tissue can have characteristic correlation lengths in the elevation direction which are much
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Table 6.2 Complete data setsusedfor the aberration-correction experiments.

Name Source N f c (MHz) f sample (MHz) Averaging
ats BRL 64 2.6 25 200

ats syn BRL 64 2.6 25 200
ats slab BRL 64 2.6 20 300
geabr 2 BUL 64 3.3 17.76 none
ats 2ab1 BRL 64 2.6 25 160
ats 4ab1 BRL 64 2.6 25 200

Stand-o� dist. Peak-to-peak aberration
Name Target Aberrator (mm) � p� p (ns, approx.)
ats ATS phantom none | |

ats syn ATS phantom synthetic delays 0 440
ats slab ATS phantom \slab" 4 |
geabr 2 AIUM phantom grooved RTV � 0? 280
ats 2ab1 ATS phantom \thin" 6 180
ats 4ab1 ATS phantom \thic k" 9 � 300

shorter than the typical 1-D array element size[17]. To properly correct for theseaberrations,

1.5-D or 2-D arrays will be needed[69,70], along with 2-D versionsof the aberration-correction

algorithms. While computationally daunting, theseextensionsare reasonablystraightforward.)

6.2 Pro cedures

6.2.1 Data sets

The complete data sets used for the results in Section 6.3 are listed in Table 6.2. They

are listed in approximate order of aberration-correction di�cult y. ats is the control, obtained

with no aberrator interposedbetweenthe array transducer and the ATS phantom (Figure 6.3).

ats syn is the samedata set with its signals time-shifted in software; the synthetic aberration

pro�le (Figure 6.5) is low-pass-�ltered Gaussian noise. This data set is used to evaluate the

aberration-correction algorithms' performanceunder conditions approximating the ideal screen

model, in which the aberration pro�le is the sameover the entire image. In other words, the

isoplanatic patch is the entire image; this is the ideal \surface-consistent statics" problem in

seismicimaging [21,22].

All of the data sets were collected locally (BRL) except for geabr 2, which comesfrom

the Biomedical Ultrasound Laboratory (BUL) at the University of Michigan [71]. geabr 2 is
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the \2X" aberrator example from the original work on the NNCC algorithm [24]. It is used

here to verify the implementation of NNCC and to provide a comparison with the locally

collectedsiliconeaberrator data sets. Becausethe RTV aberrators in [24] weremolded onto the

transducer surface, the aberration in geabr 2 conforms much more closely to a screenmodel

than the aberration in ats 2ab1 and ats 4ab1. Another important attribute of this data set

is the lack of averaging; this allows the evaluation of algorithms at low SNR.

The \thin" and \thic k" aberrators usedfor data setsats 2ab1 and ats 4ab1, respectively,

are pictured in Figure 6.4. The nonzero stand-o� distance from the silicone aberrators in

these scans,combined with the signi�cant thicknessof the aberrators themselves, meansthat

the aberration in thesedata setsis more angle-dependent (smaller isoplanatic patch sizes). Al-

though the \thic k" aberrator appearssmoother and not much thicker than the \thin" aberrator,

it has proven the most di�cult aberrator to correct for, by far.

Data set ats slab wascollectedusing the \slab" aberrator, an 18-mm-thick layer of silicone

with 
at surfaces.This was intended asa test of rms sound-speedconceptsand time migration.

Results using this data set can be found in Chapter 3.
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6.2.2 Initial data pro cessing

After the complete data set is imported into MATLAB, the 64 same-element pulse-echo

signalsarecorrectedfor passagethrough the Panametricspulser/receiver's ampli�er. Advancing

these signals by 80 ns and multiplying them by � 0:65 causesthem to blend in visually on

common-shotand common-receiver gathers, and this was deemedsu�cien t for the subsequent

processing.To improve the SNR, each of the 4096signalsis then bandpass�ltered from 250kHz

to 5 MHz with a length-251FIR �lter. Finally, a 2-D FIR fan �lter (Section 4.1) with a typical

angular passbandof 0 � 40� is applied to each of the 64 received wave�elds. This further

improves the SNR and strongly attenuates undesirable events in the data. These events are

either slow waves(such assurfacewaves)or strong re
ections from far-o�-axis objects|t ypically

the hardware usedto hold the target in position.

Note that the data are not demodulated to complex basebandprior to processing. The

center frequency is low enough, and the fractional bandwidth large enough, that very little

would be accomplishedby doing this.

6.2.3 Deriv ation of aberration pro�les

The processeddata are passedto a collection of programsimplementing di�eren t algorithms

for aberration correction. These take a complete data set as input, and provide a collection

of aberration corrections as output. Each correction contains the length-N aberration pro�le

� and three parameters from the least-squares,best-�t hyperbola: the sound speedand (x; z)

coordinates. Among other parameters, each algorithm is provided a set of target regions of

interest (ROIs) for which to estimate aberration pro�les, except for the dynamic programming

algorithm, which �nds its own \targets of opportunit y" in the image. For most of the experi-

ments, between30 and 60 ROIs were speci�ed, with azimuth angle � covering the range � 30�

or � 40� in stepsof 10� , and depth r between40 and 100 mm in stepsof 10 or 20 mm.

Two of the algorithms, the overdetermined fan-�ltering (OFF) algorithm and the dynamic-

programming, operator-updating algorithm, have beendescribed in detail in Chapters 4 and 5,

respectively. Three previously published algorithms have alsobeenimplemented, representativ e

of existing techniquesusing a full-aperture transmit focus,an imagequality metric, or common-

midpoint signals. The implementation details of each will now be described.
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~t1
k = tk (r 0

ROI ; � 0
ROI ; c); k = 1: : : N

For i = 1 : : : M � 1 f
Transmit a pulse using ~t i and record the received signals from all array elements:
d0

g(t) =
P N

s=1 ds;g(t + ~t i
s)

~t i +1
1 = ~t i

1
For k = 1 : : : N � 1 f

Crosscorrelate d0
k (t) and d0

k+1 (t) over a time window equivalent to 2 cm in
range, centered on the times of the focusing operator.
Estimate the relative time shift � from the cross-correlationpeak, searching
the range of lags corresponding to (~t i

k+1 � ~t i
k ) � 1=(2f c).

~t i +1
k+1 = ~t i +1

k + �
g

Find t i +1 , the best hyperbolic �t to ~t i +1 in the least-squaressense,yielding
parameters(r e; � e; ce).
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ROI ; � 0
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@r (Equations (6.2) and (6.3))
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Find tM , the best hyperbolic �t to ~tM .
� = ~tM � tM

Figure 6.6 Implementation of the nearest-neighbor cross-correlation(NNCC) algorithm.

6.2.3.1 Nearest-neigh bor cross-correlation (NNCC)

The NNCC algorithm ([23,24], Figure 6.6) transmits a focusedpulse onto a target point

and records d0
g(t), the N echoes received acrossthe array. With a complete data set, this is

emulated by advancing and summing ds;g(t) over the transmit elements. The initial focusing

operator is the ideal hyperbola for the targeted point.

An updated focusing operator begins with the current operator's time value at array ele-

ment 1. Adjacent signals in d0
g(t) are cross-correlated,yielding time-shift estimates which are

integrated along the array to construct the updated operator at elements 2, 3, . . . N . A time

window equivalent to 2 cm in range and centered on the target was used for the correlations

in these results, following [24]. The maximum time-shift permitted between elements is the

expected shift, as seenin the current focusing operator, plus or minus one-half the period of
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the transducer center frequency;this correspondsto a critically sampledaberration pro�le. De-

pending on the sampling rate used,interpolation may be desirableprior to the cross-correlation;

for theseresults an interpolation factor of eight was used.

At this point, becausethe new operator was derived from relative time-shifts only, its focus

may have drifted relative to the original target. To recenter the operator, its current focus

location is estimated from the parametersof a best-�t hyperbola; then, �rst-order perturbations

are applied using derivativesof the hyperbolic travel-time with respect to range and angle.

t(x; r 0; � 0; c) =
1
c

p
(x � r 0sin � 0)2 + r 02 cos2 � 0 =

1
c

p
x2 � 2r 0x sin � 0+ r 02 (6.1)

dt
dr0 =

� x sin � 0+ r 0

c
p

x2 � 2r 0x sin � 0+ r 02
(6.2)

dt
d� 0 =

� r 0x cos� 0

c
p

x2 � 2r 0x sin � 0+ r 02
(6.3)

The recentering step was not explicitly described in [24]. Fortunately, the authors have made

their completedata setsavailable online [71]. A comparisonof the imagesin the original paper

with those obtained using this implementation shows good agreement.

The NNCC algorithm is iterated by transmitting another focusedpulse, this time using the

updated focusing operator, then performing the update steps again. After a small number of

iterations (four, for theseresults), the aberration pro�le is calculated as the di�erence between

the �nal operator and its least-squareshyperbolic �t.

6.2.3.2 Speckle brigh tness

The aberration pro�le in the speckle brightnessalgorithm ([31{33], Figure 6.7) is constructed

one element at a time. Each � k is adjusted in small increments to achieve a local maximum

in the averagemagnitude of a small image region. In this implementation, the region size is 2

cm in range (0.4-mm resolution) by 10� in azimuth (0:5� resolution). The pro�le adjustment

step size, �, is 1=(40f c). The delay-and-sum beamforming algorithm (Section 6.2.4) performs

dynamic focusing on transmit and receive; this is probably not necessary, but it allows code

reuse.

At each element k, three initial imagesare usedto determine whether to adjust � k and, if so,

in which direction. If increasingor decreasing� k increasesthe averagemagnitude, � k continues

to be adjusted in the samedirection until the local maximum is found; then, the next element

is considered.Only one passthrough the elements is performed, in order from 1 to N .
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� k = 0; k = 1: : : N
Choose�, the pro�le adjustment step size(1=(40f c) for theseresults).

For k = 1: : : N f
Form imagesof region (r 0

ROI � 1 cm, � 0
ROI � 5� ), dynamically focusedon transmit

and receive, using three aberration pro�les: � 1 : : : � N , � 1 : : : (� k + �) : : : � N , and
� 1 : : : (� k � �) : : : � N .
Calculate the averagemagnitude of each image: b0; b+ ; b�

If max(b0; b+ ; b� ) = b+ f
� k = � k + �
While b+ > b f

b = b+

� k = � k + �
Form new image using pro�le � ; b+ = averagemagnitude

g
� k = � k � �

g
Else if max(b0; b+ ; b� ) = b� f

� k = � k � �
While b� > b f

b = b�

� k = � k � �
Form new image using pro�le � ; b� = averagemagnitude

g
� k = � k + �

g
g

Figure 6.7 Implementation of the speckle-brightnessalgorithm.

6.2.3.3 Near-�eld signal redundancy (NFSR) with subarra ys

Li's subarray NFSR algorithm for small-element arrays ([58,59], Figure 6.8) derives an

aberration pro�le basedon the similarit y of common-midpoint signals,asdoesthe least-squares

algorithm of Chapter 4. It only useso�sets of zero and one, however, and also usesa di�eren t

strategy to achieve directionalit y. The array is divided into subarrays of size p (16 subarrays

of four elements each, in this implementation), which function as single \elements" in the

cross-correlationsand the system of linear equations.
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Partition array into N=p length-p subarrays; let dS;s;G;g (t) be the signal received on
subarray G, element g after transmitting on subarray S, element s (s;g = 1: : : p).

For m = 2 : : : N=p� 1 f
Perform moveout correction d(t) ! d(t0), relative to center of subarray m,
for subarrays m � 1, m, and m + 1 at angle � 0

ROI (Equation (6.4)).

y0(t) =
P p

k=1

P p
l=1 dm;k ;m;l (t0)

y1(t) =
P p

k=1

P p
l=1 dm+1 ;k;m� 1;l (t0)

Cross-correlatey0(t) and y1(t) over a time window equivalent to 2 cm in range,
centered at r 0

ROI .
Estimate the relative time shift � m from the cross-correlationpeak, searching
lags � 0:8=f c : : : 0:8=f c.

g

b = [ � 2 � 3 � � � � N=p� 1 ]T ; A =

2
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A � 1b is the subarray-by-subarray estimated aberration pro�le for the central N=p� 2
subarrays. Let � = [ 0 (A � 1b)T 0 ], interpolated by a factor of p.

Figure 6.8 Implementation of the near-�eld signal redundancy (NFSR) subarray algorithm.

To calculate the zero-o�set signal y0(t) at midpoint m, all combinations of transmit and

receive elements in subarray m are summed,but only after the moveout correction

t0 =

vu
u
t t2

4
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�
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2

� 2
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�
� x sin � 0

ROI (6.4)

has beenapplied to the individual signals in the complete data set. (S and G are the subarray

numbers and s and g are the element numbers within a subarray, for transmit and receive

elements respectively.) Likewise,at midpoint m, y1(t) is the sum of all the moveout-corrected

signalswith a transmit element in subarray m + 1 and a receive element in subarray m � 1.
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Signals y0(t) and y1(t) are cross-correlatedover a 2-cm range-equivalent time window for

each m to estimate N=p� 2 time-shift estimates (14, in this implementation) which comprise

the vector b. The maximum correlation lag is 0:8=f c in this implementation; this is a trade-o�

betweenthe knowledgethat the aberration pro�le can changequite a bit over a subarray, and

the possibility of \cycle skipping" if the search range is too wide. The matrix A is always the

same,as given in the table.

Solving Ax = b gives the aberration pro�le for the central N=p � 2 subarrays under the

assumption that the aberration valuesare zero for the two subarrays at the endsof the array.

To generatea pro�le compatible with the other algorithms usedhere, interpolation by p is used.

6.2.4 Imaging

Images are formed from the complete data sets and the derived aberration pro�les using

delay-and-sum beamforming at each point on transmit and receive, i.e., dynamic focus on

transmit and receive. Hamming apodization is used on the transmit aperture only. Linear

interpolation is included in the imaging code; at the typical sampling rate of 25 MHz, however,

it does not make a large di�erence in image quality when compared to a simpler, nearest-

neighbor approach. Each range line of the beamformedimage is envelope-detectedby applying

the Hilb ert transform and taking the magnitude of the analytic signal. Finally, an approximate

gain correction is applied by multiplying each pixel by (r =rmin )2, the squaredratio of the current

range to the minimum range in the image.

The imaging processis decoupledfrom aberration correction. If an imageat a constant speed

of sound is desired, the ideal hyperbolic operators are used. Otherwise, the various aberration

correction codessupply a collection of estimated pro�les, and the locations for which they were

derived, to the imaging code. For each point in the image, the algorithm selectstwo aberration

pro�les which are valid at the point's depth and located on either sideof it in azimuth angle. If

the pro�les di�er primarily by a lateral shift, as evidencedby a high cross-correlationvalue at

somesmall lag, an interpolated pro�le is derived: The averageof the lined-up pro�les is used,

shifted by a linearly interpolated distance basedon the azimuth anglesof the two aberration

pro�le locations and the image point between them. If, instead, the two aberration pro�les

do not appear correlated, or the image point lies outside the region populated by pro�les, the

pro�le nearestthe point's location is used. This occasionallyleadsto obvious boundariesin the
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�nished image, especially far o�-axis, when the quality of the aberration pro�les is poor or the

pro�les give insu�cien t coverage.

Where multiple imagesof the samedata set are compared, the method of presentation has

beencarefully chosenin an e�ort to ensurefairness. All of the imagesare drawn over a 50-dB

dynamic range. Within the set of imagesbeing compared,the 0-dB point is chosensubjectively

to place the background speckle in the upper quarter of the brightnessrange. This \burns out"

concentrated point re
ectors but provides the best contrast between the scatter-free regions

and background speckle. Most importantly , the white and black points in each imagerepresent

the samemagnitudes; they are not dependent on a peak pixel value which changesfrom one

image to the next.

6.3 Results

6.3.1 Data set ats

This data set is an experimental control. It provides a benchmark image (Figure 6.3) with

which to compare the results of aberration correction on the other data sets. It also assistsin

verifying that the aberration-correction algorithms are unbiased in the absenceof aberration,

i.e., their aberration pro�le estimatesare closeto zero.

In Figure 6.9, about 45 aberration pro�les are plotted for each of the �v e algorithms under

consideration. The pro�les with the greatest deviations from zero usually correspond to deep

and/or far o�-axis image regions. Aside from these, most of the algorithms keep the error to

1/20-wave or below. The true error may be even lower if there is minor aberration present in

the ATS phantom. The most obvious possibility is the di�erence in sound speed between the

water and the phantom; however, this would mostly lead to an overall e�ectiv e sound-speed

change(Chapter 3) which would be subtracted out of the pro�le by the hyperbolic �t.

Two other interesting features may be observed here. In a few of the plots, the aperture

appearsdivided into four piecesby small jumps at � 5 mm and 0 mm. Closer inspection shows

that the jumps occur exactly betweenelements 16{17, 32{33, and 48{49. This is undoubtedly

due to small delay variations betweenthe four channelsusedto acquire the completedata sets.

Notice also that the error in the pro�les usually reaches a maximum at the endpoints. This

e�ect is one reasonto argue for the use of larger apertures in aberration correction, even if a

smaller aperture is usedfor image formation.
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Figure 6.9 Residualaberration pro�les estimated by the �v e algorithms for data set ats , which
is assumedto have no aberration. The pro�les wereestimated at image locations from � 40� to
40� in azimuth and 40 to 120 mm in range.
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Figure 6.10 Estimated pro�les comparedto the known synthetic aberration pro�le for data set
ats syn. Pro�les estimated at 40, 80, and 120 mm (blue, green,and red curves, respectively)
match the actual pro�le (black curve) closely for the NNCC and OFF algorithms. The NFSR
subarray algorithm fails below 40mm and the speckle brightnessalgorithm su�ers from multiple
cycle-skippingerrors. (For all plots, the horizontal axis is in mm and the vertical axis is in cycles
at the center frequencyof 2.6 MHz.)

6.3.2 Data set ats syn

Adding the pure time-shift aberration in Figure 6.5 to data set ats provides a good test

of aberration-correction performance in the absenceof the amplitude variations, di�raction

artifacts, and azimuth steering-dependenceassociated with real-world aberrators. Figure 6.10

comparesthe known aberration pro�le with the estimates of the speckle brightness, NNCC,

NFSR subarray, and OFF algorithms at � = 0� and � 30� and r = 40 mm, 80 mm, and 120mm.

(The dynamic programming algorithm is not included becauseit selectsits own targets rather

than targeting a preset list of ROIs.) Prior to thesecomparisons,the least-squaresbest-�t line

was subtracted out of the known aberration pro�le. This is necessarybecausesmall linear tilts

in a focusing operator correspond to steering angle changes,so a linear term in the derived

pro�le is subsumedinto the best-�t hyperbola.
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Figure 6.11 The di�eren tial time-shift (DTS) panels, d00
g(t), for a point target in data set

geabr 2 reveal minor amplitude 
uctuations along the aperture, but no other aberration-
induced artifacts. (a) Initial focus and (b) after operator updating.

The NNCC algorithm appearsbest in this test, with OFF alsoa closematch at both angles

and all ranges. NFSR with subarrays fails at 80 and 120 mm, perhapsbecausethe aberration

varies rapidly enoughacrossthe aperture to disrupt the steering of individual subarrays. Most

interesting is the behavior of the speckle brightnessalgorithm. The magnitude of the aberration

(more than one cycle peak-to-peak) is su�cien t to causecycle-skipping artifacts which become

worseas the focus is moved o�-axis.

In the following sections, it will be seenthat other data sets pose a much more di�cult

aberration correction problem, despite having a much smaller � p� p.

6.3.3 Data set geabr 2

As evidencedby the di�eren tial time-shift panelsin Figure 6.11, the aberration in this data

set causesminor amplitude 
uctuations along the aperture. Otherwise, it appears as easy to

correct as the synthetic time-shifts in data set ats syn. A look at the OFF-derived aberration

pro�les for a wide range of steering angles(Figure 6.12) con�rms that the aberration is in the

extreme near-�eld; there is very little changein the pro�le with � . (The claim that this is not

due to the OFF algorithm itself is supported by the observation that the OFF-derived pro�les

are able to correct a wide range of azimuths in the image, and also by the strong � -dependence
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Figure 6.12 The OFF-estimated aberration pro�les for data set geabr 2 are almost angle-
independent, indicating very-near-�eld aberration.

observed for data set ats 2ab1.) This was expected, given the description in [24] of a thin

silicone aberrator attached directly to the surfaceof the array transducer.

An uncorrectedimageand �v e correctedimagesusing aberration estimatesfrom the speckle

brightness, NNCC, dynamic programming, NFSR subarray, and OFF algorithms are shown

in Figure 6.13. Forty-�v e ROIs were speci�ed for � = � 40� , � 30� , : : :, 40� and r =

40; 60; : : : ; 120 mm. After weeding out bad pro�les (those for which the associated best-�t

operator was not hyperbolic, and those having a peak value above a reasonablecuto� thresh-

old), there were 27 pro�les used for the speckle brightness and OFF images,18 for the NFSR

image, and 14 for the NNCC image. The dynamic programming algorithm found 17 pro�les.

The best imagesare provided by the speckle brightness, dynamic programming, and OFF

algorithms. All of these algorithms apparently had trouble �nding correct operators for the

far-right edgeof the image, perhaps becauseof the bright point-targets nearby. The dynamic

programming algorithm found at least oneoperator with an erroneouslinear tilt (probably the

result of cycle-skipping), and this causedthe lowest bright cyst and a nearby point target to be

displaced. The NNCC image matchesthe published image [24] except for the anechoic cyst at

70-mm depth. With a priori information that the aberration pro�les are mostly independent

of � , the � = 0� pro�les could have beenusedat all angles,instead of attempting to correct for

di�eren t angles. In this casethe image would improve.
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Figure 6.14 Comparing the estimated aberration pro�les at several depths using NNCC (a)
and OFF (b) shows that OFF performs better than NNCC at large depths, even broadside to
the array. Note that data set geabr 2 was collected using no averaging, so the available SNR
should be similar to a clinical situation.

Becausethis data set was acquired without any averaging [71], it o�ers a good opportunit y

to compare the low-SNR performanceof the various correction algorithms in a setting similar

to that which might be encountered in clinical practice. It is often believed that aberration

correction usingcompletedata setsis infeasibledueto the SNR penalty incurred by transmitting

and receiving on single elements. As seenin Figure 6.14, this is not necessarilythe case. The

performanceof both algorithms does indeed su�er at large depths, but OFF doesmuch better

than NNCC. An authoritativ e comparisonwould require NNCC to be implemented with a true

transmit focus, rather than the synthetic aperture used here. Still, this experiment suggests

that the redundancy in complete data setsmay be exploited to compensatefor low SNR.

6.3.4 Data set ats 2ab1

The received signals acrossthe array (shown in Figure 6.15 after correction) for this data

set exhibit greater amplitude 
uctuations than those in geabr 2. Some di�raction artifacts

may also be visible as the slanting lines below the bright areas. (The line at lower-left is from

a strong, o�-axis scatterer.)

The aberrator in this casewas not located at the array surface,but about 6 mm away from

it. Consequently , the aberration pro�les are strongly � -dependent (Figure 6.16, comparewith

Figure 6.12). Notice that the pro�les are almost completely out of phasein the left and right
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Figure 6.16 In contrast to geabr 2, the aberration pro�les for ats 2ab1 vary considerably
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imaging performance.
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halvesof the image. Pro�les over the full range of anglesare clearly necessaryto achieve good

correction throughout the image.

Figure 6.17shows, for the �v e aberration correction algorithms, estimated pro�les at � = 0�

for �v e depths ranging from 40 to 120 mm. \Bad" pro�les (lack of convergence,or grossly

incorrect) are not plotted. The aberrator is closeenoughto the array that there should be very

little change in the true aberration pro�le with depth. As the SNR decreaseswith increasing

depth, the consistencyof the estimated pro�les starts to su�er. Of the algorithms tried, OFF

maintains the best consistencyover depth.

The uncorrected image and �v e corrected imagesfrom the di�eren t algorithms are shown

in Figure 6.18. Twenty-eight ROIs were speci�ed for � = � 30� ; � 20� ; : : : 30� and r =

40; 60; : : : 100mm. After deleting the bad pro�les, there were 28 pro�les usedfor the speckle

brightnessand OFF images,24 for the NNCC image,and 13 for the NFSR image. The dynamic

programming algorithm found 64 pro�les.

For this data set, OFF is the clear winner. (Examine the visibilit y of the deeper cysts, the

de�nition of the shallower cysts, and the correction of the large extra-scattering cysts on the

right-hand side.) The dynamic programming and speckle brightness algorithms perform well

also. NFSR and NNCC are both hamperedby an inabilit y to �nd the correct aberration pro�les

at large anglesfrom the array normal.

6.3.5 Data set ats 4ab1

This data set was obtained by scanning the ATS phantom through the \thic k" silicone

aberrator at 9-mm stand-o� distance from the transducer. Notice the strong amplitude 
uc-

tuations and obvious di�raction artifacts in the DTS panel (Figure 6.19) for the return from

a point target. Out of the data sets consideredhere, this is by far the most di�cult to form

imageswith. Becausenone of the aberration correction algorithms had excellent performance

on this data set, the true aberration pro�les are not known, but an examination of the various

estimates suggeststhat the peak-to-peak aberration, � p� p, is about 300 ns (Table 6.2), not

dramatically larger than the 180 ns for data set ats 2ab1. The di�erence may be due to the

increaseddistance (9 mm) from the array.

The uncorrected image and �v e corrected imagesfrom the di�eren t algorithms are shown

in Figure 6.20. Twenty-eight ROIs were speci�ed for � = � 30� ; � 20� ; : : : 30� and r =

40; 60; : : : 100mm. After deleting the bad pro�les, there were 28 pro�les usedfor the speckle
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Figure 6.17 Aberration-correction performancegenerally deteriorates with increasing depth,
as illustrated by these estimated pro�les for a seriesof depths in ats 2ab1, broadside to the
array. Missing curves indicate a grossly incorrect pro�le at that depth. Note the excellent
agreement of the pro�les for the overdetermined, fan-�ltering (OFF) algorithm.
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Figure 6.18 Imagesof data set ats 2ab1|uncorrected, and correctedwith aberration pro�les
supplied by �v e di�eren t algorithms. (Axis labels are in millimeters.)
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Figure 6.19 The re
ection from a point target in data set ats 4ab1 exhibits strong amplitude

uctuations and di�raction artifacts in this di�eren tial time-shift (DTS) panel.

brightnessimage, 25 for the NNCC image, 23 for the NFSR image, and 21 for the OFF image.

The dynamic programming algorithm found 57 pro�les.

Although the speckle brightnessand NNCC algorithms yield marginal image improvement,

only the OFF and dynamic programming algorithms are successfulin revealing numerousane-

choic cysts. The cause of the bright arcs in the upper right-hand corner of the images is

unknown.

Experimentation with the dynamic programming algorithm suggestedthat a \b ootstrap"

method would allow it to converge with higher probabilit y on a greater number of targets in

the image. An experiment was performed using the aberration pro�les estimated by the OFF

algorithm to construct initial focusing operators for the dynamic programming algorithm. The

result is shown in Figure 6.21. Although not every part of the image has improved, the overall

image is better than either the OFF-only or the dynamic-programming-only results. This

combination of one algorithm using common-midpoint signalsand another algorithm basedon

a transmit focus deserves further investigation. They appear complementary, since the former

can yield rough aberration estimates even in severe aberration, while the latter is subject to

misconvergenceif not carefully initialized.
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Figure 6.20 Imagesof data set ats 4ab1|uncorrected, and correctedwith aberration pro�les
supplied by �v e di�eren t algorithms. (Axis labels are in millimeters.)
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Figure 6.21 Deriving initial aberration pro�les using OFF, then re�ning them with the
dynamic-programming, operator-updating algorithm results in a better image of data set
ats 4ab1 than those obtained with either algorithm alone. (Axis labels are in millimeters.)

88



CHAPTER 7

EFFICIENT, THREE-DIMENSIONAL,
CYLINDRICAL-APER TURE IMA GING

An ongoing research project is developing very small ultrasound transducers that can be

fabricated on the side of a needleand operated in vivo at high frequencies.Such probescould

eventually provide a minimally invasive alternativ e to biopsy and speedthe diagnosisof tumors.

Crucial to the successof this e�ort are imaging algorithms adapted to the geometry imposed

by theseultrasonic microprobes[4].

This imageformation problem is challengingdueto the microprobes'shape. With oneprobe,

only two transducer motions are possible: inward and outward travel, and rotation about the

needleaxis. The imaging aperture is therefore highly curved and its spatial extent is severely

limited. Becausethe microprobe transducer will be surrounded by a scattering volume, good

resolution in three dimensions is desirable so that quality 2-D image slicesmay be obtained.

This can be accomplishedusing synthetic aperture techniques, but a signi�cant 2-D aperture

is required. It is imperative, then, that the available probe diameter be usede�cien tly .

Many of these constraints also apply to other imaging systems. Someintravascular ultra-

sound (IVUS) systems,for example,usea circular array of transducerson a catheter to image

the interior of blood vessels[3]. As new ultrasound imaging modalities are developed, it is

anticipated that cylindrical apertures will becomemore common and will bene�t from ongoing

work in this area.

7.1 Synthetic Ap erture Imaging in a Cylindrical Geometry

Circular apertures have previously been used for intravascular ultrasound (IVUS) imag-

ing systems, where synthetic aperture or array focusing has usually been carried out in the

time domain [3,72]. Frequency-domainalgorithms, however, have a large speedadvantage over

traditional beamforming methods due to the computational e�ciency of the fast Fourier trans-
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form [73]. (The computational requirements of conventional beamforming and the proposed

frequency-domainalgorithm are comparedat the end of this section.)

A frequency-domainimaging method wasrecently proposedfor usewith IVUS systems[74].

The authors start with a geometrically derived, two-dimensional point spread function (PSF)

and obtain the Fourier transform of the imaging kernel for monostatic (colocated transmitter

and receiver) and bistatic casesusing the method of stationary phase.

In the following derivation, the PSF for three-dimensional, monostatic (colocated source

and receiver) imaging from a cylindrical aperture is obtained using the Rayleigh-Sommerfeld

formulation of scalar di�raction theory. This PSF is then compared with the PSF for wave

propagation in Cartesiancoordinates, which hasa well-known Fourier transform. This approach

makes clear the narrow-beamwidth approximation necessaryto put the PSF for cylindrical

coordinates into the sameform and obtain its Fourier transform. Becauseof the monostatic

imaging assumption, the resulting algorithm is best suited to applications where it is only

practical to have a single-element transducer.

We start with the Rayleigh-Sommerfeldformula [75],

U(P0) =
Z Z

1
j �

U(P1)
ej kr 01

r01
cos(~n; ~r 01)ds;

�
(7.1)

which expressesthe �eld at P0, locatedon the imaging aperture, in terms of a sourcedistribution

on the surface� shown in Figure 7.1. Given monostatic data acquisition in a constant-sound-

speed, weakly scattering medium, no generality is lost by considering the scatterers on � to

be the original sourceof ultrasonic waves traveling at speedc=2; this is the \explo ding re
ec-

tors" model sometimesused in exploration seismology[9]. Rewriting (7.1) using cylindrical

coordinates, we have

U(R; �; z) =
Z 1

�1

Z �

� �

1
j �

U(r i ; � i ; zi )

�
exp(j k

q
R2 + r 2

i � 2Rr i cos(� � � i ) + (z � zi )2)

R2 + r 2
i � 2Rr i cos(� � � i ) + (z � zi )2

� (r i � R cos(� � � i )) r i d� i dzi : (7.2)
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Figure 7.1 Cylindrical geometry for derivation of the point spreadfunction (PSF).

This is a convolution integral; the point spreadfunction is

h(�; z) =
1
j �

(r i � R cos� )r i

exp(j k
q

R2 + r 2
i � 2Rr i cos� + z2)

R2 + r 2
i � 2Rr i cos� + z2 : (7.3)

If the transducer beamwidth is not too wide, the cosine terms in the exponential and the

denominator may be approximated to secondorder as 1� � 2=2. If the other cosineterm in the

numerator is approximated to �rst order, we have

h(�; z) �
1
j �

(r i � R)r i
exp(j k

p
(R � r i )2 + Rr i � 2 + z2)

(R � r i )2 + Rr i � 2 + z2 : (7.4)

When is the approximation cos� � 1� � 2=2 valid? The square-root quantit y being approx-

imated in (7.2) is r 01, the distance from the transducer to a re
ector in the scattering volume,

expressedin cylindrical coordinates. Set z = zi = 0 and consider the angle range, � � , over

which echoesmay be collected from a point re
ector at radius r i . From Figure 7.2, � is related

to the transducer beamwidth 
 r � by

r i sin �
q

R2 + r 2
i � 2Rr i cos�

= sin

 r �

2
: (7.5)
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Figure 7.2 Transducerbeamwidth in relation to the positions of the transducer and target in
cylindrical coordinates.

This is a quadratic equation in cos� ; the solution (assumingall anglesare in the �rst quadrant)

is

� = arccos

0

@
R sin2 
 r �

2 + cos 
 r �
2

q
r 2

i � R2 sin2 
 r �
2

r i

1

A : (7.6)

A simple (though computationally demanding) reconstruction method from synthetic aper-

ture data is to back-project the time seriesrecordedat each transducer position, smearingthe

data back onto the loci of constant travel time in the target space. Even though the imaging

algorithm proposed next operates in the Fourier domain, simple back-projection is a useful

concept for understanding the e�ects of the distance approximation (seeFigure 7.3).

The validit y of the narrow-beamwidth approximation may be tested for a given cylindrical

imaging problem by imposing a limit on the distance error

p
(R � r i )2 + Rr i � 2 �

q
R2 + r 2

i � 2Rr i cos� � K (7.7)

with K = �= 2, for example. (For simplicit y, it is assumedthat z = zi = 0.) Sampleplots of the

error (in wavelengths)versusthe ratio r i =R are given in Figure 7.4 for three di�eren t transducer

beamwidths when R = 50� , a typical value for the high-frequencyultrasonic microprobesbeing

developed. Although the exact errors will be di�eren t for every cylindrical imaging scenario,the
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narrow-beamwidth approximation will usually break down only whenthe transducerbeamwidth

becomesextremely wide.

Returning to Equation (7.4), compare this approximate PSF with the PSF obtained for a

rectangular aperture in Cartesian coordinates:

h(x; y) =
1
j �

�
dexp(j k

p
d2 + x2 + y2)

d2 + x2 + y2 : (7.8)

Clearly they have the sameform, except that the angular variable is scaledby the geometric

mean of the transducer and re
ector radii. The Fourier transform of h(x; y) is well known [75],

and the transform of h(�; z) follows easily using the scaling property:

H (f � ; f z) �

r
r i

R
e

j 2� (r i � R)

r
1

� 2 �
f 2

�
R r i

� f 2
z ; (7.9)

wherethe fact that � is an angular variable (and h(�; z) is thus periodic in � ) hasbeenignored,

and � = c=2f is in accordancewith the exploding re
ectors model.

In the spatial-frequency (f � ; f z) domain, multiplication by H is equivalent to propagating

the wave �eld from one concentric cylindrical surfaceto another. This is the principle behind

what are known asFourier migration algorithms in the seismicexploration communit y [13] and

wavenumber or ! � k algorithms in the radar communit y [14]. The most signi�cant di�erence

here is that now H is a function not only of the relative distance between the target and

recording surfaces,but also of the absolute radii of those surfaces.

Following [76], a simple way to obtain a two-dimensional image at one desired depth is to

�rst compute the 3-D FFT of the raw data, taking it into the (f � ; f z; f ) domain. Then, for each

temporal frequency f , the (f � ; f z) spatial frequency planes are multiplied by the appropriate

H (f � ; f z) for the target reconstruction depth. Finally, the resulting data cube is summed

over temporal frequency f , and an inverse2-D FFT yields the focused image. The required

discretization of this processis straightforward, but the spatial sampling in � and z must be

denseenoughto prevent artifacts; an in-depth discussionof this issuemay be found in [55].

In practice, if the full three-dimensional image is desired, the H operator will be applied

repeatedly to back-propagate the wave�eld in increments of the axial resolution. At each iter-

ation, the data are summedover f and inversetransformed to yield the next cylindrical image

slice. This is analogousto the seismicmigration technique known as phase-shiftmigration [12].
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Table 7.1 Computational cost of the proposedfrequency-domainimaging algorithm compared
to conventional focusing.

Operation Real multiplications Real additions
(Conventional beamforming)

Delay and sum N 2
s

elements, N 2
s N t times N 4

s N t N 4
s N t

(Proposedalgorithm)
3-D FFT 2N 2

s N t (2 log2 N s +log 2 N t ) 3N 2
s N t (2 log2 N s +log 2 N t )

Mult. by H , N t times 4N 2
s N 2

t 2N 2
s N 2

t

Sum over f , N t times 0 2N 2
s N 2

t

2-D FFT, N t times 4N 2
s N t log2 N s 6N 2

s N t log2 N s

Total 2N 2
s N t (2N t +4 log2 N s +log 2 N t ) 3N 2

s N t ( 4
3 N t +4 log2 N s +log 2 N t )

To evaluate the computational e�ciency of this approach, consideran experiment in which

echoesare recordedat Ns � Ns positions on a curved aperture. Let N t time samplesbe recorded

for each signal. The imaging algorithm will be tasked with computing N 2
s N t voxels in the target

volume. Conventional beamforming is here viewed as a seriesof delay-and-sum operations on

the raw (�; z; t) data set. Operation counts for the frequency-domainalgorithm follow directly

from the stepsdescribed above. The results are listed in Table 7.1.

For the parametersusedin the simulations and experiments of the following sections(N s =

128, N t = 512), conventional beamforming would require about 1:4 � 1011 real multiplies and

adds. The proposedfrequency-domainalgorithm requiresabout 1:8� 1010 multiplies and adds,

a savings of 87%. While a host of implementation-dependent factors make it impossible to

categorically declare one algorithm as \b est," the potential gains of working in the frequency

domain are evident. Other factors which might favor a frequency-domainimplementation are

the easeof parallelizing the FFTs and the elimination of oversampling requirements.

7.2 Options for E�ectiv e Use of the Av ailable Ap erture

When a single-element, unfocusedtransducer is signi�cantly larger than a wavelength and

has an e�ectiv e aperture D , the best lateral resolution available with synthetic aperture pro-

cessingis approximately D=2 [77]. For high-frequencyultrasound applications, this would seem

to suggestusing a transducer that is extremely small, on the order of one wavelength! Such a

small transducer would placesevere limits on the available pulseenergyin an application where

the low signal-to-noiseratio is already a major concern.
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Figure 7.5 Using a focusedtransducer to create a virtual sourceelement.

One possiblesolution is to use the full probe diameter for a focusedtransducer and treat

the focus as a virtual source[78]. The virtual sourcetraces out a cylindrical surface,as shown

in Figure 7.5. The imaging algorithm proceedsas if there werean unfocusedtransducer located

at the focus, treating that point as a sourceof diverging waves. It can then form imagesat

depths past the real focus. A recent study exploring this technique found that the resolution

achievable beyond the focus is comparableto the resolution at the focus, this fundamental limit

being set by the focal ratio of the transducer [79].

Using a focusedtransducer to createa virtual sourcehasthe advantage that more transducer

area, and hencemore energy, is available for transmitting. It is important to realize, however,

that we are not getting something for nothing: The usable aperture is still the same, even

though the virtual source may be traveling on a much larger surface. For a transducer of

someconstant diameter, as the focal length is increased,the width of the focal region increases

and the beamwidth past the focus decreases.These factors conspire to limit the attainable

resolution in the virtual sourcecase.

7.3 Resolution

7.3.1 Axial resolution

As in all pulse-echo imaging systems,the axial resolution is determined by the length of the

pulse, although this may be shorter than the actual transmitted waveform if pulsecompression

is used. If the transmitted energy is uniform over a bandwidth W , the axial resolution (using
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the Rayleigh criterion) will be approximately

� r =
c

2W
(7.10)

corresponding to c=2 times the interval from peak to �rst zero-crossingof the sinc function

sin(� W t)=� t.

7.3.2 Lateral resolution

The lateral resolution attainable in this imaging geometry is easiestto calculate when the

transducer sizeis small comparedto the wavelength. As the probe moves,the echoesfrom any

given scattering point are phasemodulated by the changing scatterer-transducerdistance. The

amount of phasemodulation governs the extent of the data collected in the spatial frequency

domain and hencethe resolution. Larger transducers causea smearing of the raw data that

imposesa window on the data in the spatial frequencydomain and degradesthe resolution.

From Equation (7.2), the phaseof the received signal at (R; �; z) due to a point re
ector at

(r i ; � i ; zi ) is, using the exact form of the distance function,

 (�; z) = 2� f
2
c

q
R2 + r 2

i � 2Rr i cos(� � � i ) + (z � zi )2 : (7.11)

The spatial derivativesof this function yield the instantaneousspatial frequenciesof the unpro-

cesseddata:

f � =
1

2�
d

d�
 (�; z)

=
2f
c

�
Rr i sin(� � � i )q

R2 + r 2
i � 2Rr i cos(� � � i ) + (z � zi )2

jf � jmax =
2R
�

sin

 r �

2
; (7.12)

where
 r � =2 is the half-beamwidth of the ultrasound transducer in the r � plane (seeFigure 7.2).

We also have

f z =
1

2�
d
dz

 (�; z)

=
2f
c

�
z � ziq

R2 + r 2
i � 2Rr i cos(� � � i ) + (z � zi )2
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jf z jmax =
2
�

sin

 r z

2
; (7.13)

where 
 r z=2 is the half-beamwidth of the transducer in the r z plane.

We can now estimate the lateral resolution in the z and � directions for the caseof a small

transducer. The variation of f z and f � de�nes an approximate rectanglein the spatial frequency

domain, symmetric about (f � ; f z) = (0; 0). Following [80], the resolution under the Rayleigh

criterion is determined from the extent of the spatial frequencydata as

� � =
�

4R sin 
 r �
2

rad =
�r i

4R sin 
 r �
2

m at depth r i (7.14)

� z =
�

4sin 
 r z
2

m: (7.15)

What if the transducer is not small with respect to the wavelength? In this case, the

aperture impulse response must be convolved with the transmitted pulse, which causesthe

spatial frequency data to be windowed. See[77] for a detailed derivation of this e�ect. If the

transducer hasan e�ectiv e aperture of D , then the lateral resolution will be approximately D=2

(in the z-direction; the resolution in the � -direction is depth-dependent).

If the virtual sourcetechnique is used,calculation of the expected lateral resolution is more

di�cult becauseof the complex �eld pattern beyond the focus. The above formulas are not

applicable, for they assumea relatively 
at response within the transducer beamwidth and

sharp cuto�s at anglesof � 
 r � =2 and � 
 r z=2, leading to a sinc-like responsefor point targets.

For focusedtransducers, the natural apodization provided by the past-focus beam pattern will

broaden the main lobe and reducethe sidelobes. Simulations and experiments have shown the

achievable resolution to be about the sameas the size of the focal region: approximately F � ,

where F is the focusedtransducer's focal ratio, or \f-n umber."

7.4 Simulations

Two typesof computer simulations wereperformedto verify the performanceof this imaging

method. In the �rst, an in�nitesimally small, unfocusedtransducer was simulated to test the

algorithm and its inherent approximations, independent of the virtual sourcetechnique. Five

point re
ectors in an \X" pattern at radius r i = 15 mm were imagedby a transducer at radius

R = 8 mm having a beamwidth of 20� . A Gaussian-weighted 5-MHz sinusoid with a 3-MHz

bandwidth was usedfor the transmit pulse. Simulated echoeswere collected on a 128x128grid
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with � ranging from � 55� to +55 � and z ranging from � 6:4 to +6 :4 mm. These data were

processedwith the algorithm described in Section7.1; Figure 7.6 shows the results. The lateral

resolution is comparableto the valuespredicted by Equations (7.14) and (7.15): 3:1� in � and

0.43mm in z. Due to the lack of any apodization in the simulated beampattern, high sidelobes

are to be expected, and in fact the �rst sidelobesare only 22 dB down.

In the secondtype of simulation, the Field II program [81] wasusedto simulate a spherically

focused transducer and thus validate the virtual source technique used in the experiments.

Point re
ectors at radius r i = 57 mm were imaged by an f/1.33, 19.1-mm diameter transducer

at radius 22.3 mm, yielding a virtual source radius of R = 47.7 mm. A Gaussian-weighted

2.25-MHz sinusoid with a half-power bandwidth of 1.1 MHz was used as the transmit pulse.

Simulated echoeswere collected on a 128x128grid with a � step sizeof 0.14� and a z step size

of 120 � m. All of theseparameterswereselectedto match ascloselyaspossiblethe parameters

of the �rst experiment described in the following section.

As can be seenin Figure 7.7, in this simulation the main lobe has broadenedand the side

lobes are lower, due to the tapering of the transducer beam pattern beyond the focus. The

half-power resolution is about 600 � m; asexpected, this is comparableto the width of the focal

region.

7.5 Exp erimen tal Results

A number of experiments wereperformedin a water tank with a precisionpositioning system

and conventional focusedultrasound transducersin pulse-echo mode. In the �rst experiment, a

19.1-mmdiameter, 2.25-MHz transducer with a measuredfocal length of 26.5mm wasmounted

to a vertical support arm in the water tank and usedto scana target consistingof three 100-� m

wires crossingat the center of a plastic holder (Figure 7.8). The central part of the target was

approximately 10 mm beyond the focus of the transducer. The transducer was scannedup and

down and rotated about the axis of its support arm, covering an area of 15.4 mm by 17.9� in

128 by 128 steps.

After processing,\
y-through" movies weregeneratedshowing the imagedwires on a series

of cylindrical shells. Re
ections are present over a rangeof depths becausethe imaging cylinder

cuts through the planar target at di�eren t placesdepending on the depth chosenfor focusing.

To create the right-hand panel in Figure 7.9, theseimageswere summedover depth, creating a

2-D projection with a completeview of the target. Comparethe detail visible in this imagewith

99



dB

�50

�45

�40

�35

�30

�25

�20

�15

�10

�5

0

f  (deg)

z 
(m

m
)

�50 0 50

�6

�4

�2

0

2

4

6

�6 �4 �2 0 2 4 6

�55

�50

�45

�40

�35

�30

�25

�20

�15

�10

�5

0

z (mm)

dB

(a) (b)

Figure 7.6 Five point-re
ectors at r i = 15 mm imagedwith an in�nitesimally small transducer
at R = 8 mm. (a) Focusedimage and (b) slice at constant � .
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Figure 7.7 Five point-re
ectors at r i = 57 mm imagedusing the virtual sourcetechnique with
a simulated spherically focusedtransducer at R = 22:3 mm. (a) Focusedimageand (b) sliceat
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Figure 7.8 (a) 100-� m wire target and (b) close-up.
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Figure 7.9 Results of imaging a 100-� m wire target located beyond the transducer focus. (a)
Raw echoessummedabsolutely over time. (b) Stack of focusedimagessummedabsolutely over
depth.
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Figure 7.10 (a) One-dimensionalpro�les of (b) cuts acrossthe in-focuswires taken at di�eren t
reconstruction depths and wire orientations. At the depths being considered,the linear distance
scaleis approximately the sameon both the z and � axes.

that in the left-hand panel, which wasobtained from the raw echoesby an absolutesummation

of the received waveform at each scan location. Figure 7.10 plots the one-dimensionalpro�les

across the in-focus wires at two di�eren t reconstruction depths. The measured half-power

[synthesized]beamwidth at the target distance is about 600 � m in either the z or � directions,

due to the choice of step sizesand distance to the target. This compares favorably to the

transducer's resolution at focus, and is in excellent agreement with the Field II simulation of

Section 7.4.

In another experiment, a 15-MHz transducer having a 12.7-mm diameter, a 19.1-mm focal

length, and a theoretical resolution at focus of �D =f = 150 � m was used. The target was a
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pieceof ordinary 1.6-mm aluminum screenheld at constant radius from the transducer support

arm and about 5 mm beyond the focusof the transducer (seeFigure 7.11(a)). The areascanned

for this experiment was 6.4 mm by 8.32� in 128 by 128 steps.

Figures 7.11(b) and 7.11(c) show two log-scaledimagesof the wire screen,at distancesof

5.17 mm and 5.30 mm beyond the focus of the transducer. The meshconsistsof vertical wires

that are nearly straight, parallel, and normal to the view direction, and horizontal wires which

weave through them. The upper image shows some of the vertical wires and also the over-

crossingsof the horizontal wires. In the lower image, the deeper focus reveals other vertical

wires, indicating that the wire meshwas held at a not-quite-constant radius. Most of the wire

over-crossingsare still visible, but the rest of the horizontal wires remain invisible due to their

angles with respect to the view direction (note that the wire diameter, at 280 � m, is much

larger than the acoustic wavelength).

7.6 Summary

An e�cien t and accurate three-dimensional image formation algorithm has been obtained

directly through simple approximations to the point spread function for 3-D wave propaga-

tion in cylindrical coordinates. Computer simulations and experimental results verify its good

performance. When combined with the virtual sourcetechnique, this algorithm should allow

high quality, near-di�raction-limited imaging from small cylindrical platforms, whether they be

needles,catheters, or others yet to be developed.
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CHAPTER 8

CONCLUSIONS

Tissue-inducedaberration is still a problem plaguing medical ultrasound imaging. Solutions

basedon single-valued focusingoperators may not be su�cien t to restoredi�raction-limited res-

olution in all cases,but the results in Chapter 6 clearly demonstrate that signi�cant improve-

ment over published algorithms is possible. Conceptsborrowed from other imaging disciplines

can provide new insights into the aberration problem in medical ultrasound; in particular,

someof the sameissueshave beenstudied for many years to improve acoustic imaging of the

nonhomogeneousEarth. Invariably, such insights also improve the understanding of existing

approachesin the medical ultrasound literature. Three of theseconceptshave beenconsidered

in this dissertation.

The tremendous redundancy of a complete data set can be exploited for aberration cor-

rection by analyzing the time shifts on common-midpoint gathers. Until now, however, the

wide-angle, random-scattering nature of medical ultrasound targets has limited the accuracy

and robustnessof this approach, particularly when estimating azimuth-dependent aberration

pro�les. Pre�ltering the data with two-dimensional fan �lters largely solves this problem and

producesan aberration-correction algorithm (OFF) that outperforms the most popular existing

algorithms in almost all cases.

The concept of focusing-operator updating, recently popular in seismic imaging, has pro-

vided insight into aberration-correction algorithms basedon an initial transmit focus. We have

developed a new updating procedure basedon dynamic programming. When coupled with a

careful selectionof initial focuspoints, this results in an algorithm with improved performance.

It outperforms existing algorithms in someexperiments.

The seismicimaging communit y has understood for sometime that layered media may be

approximated by constant-sound-speed media for beamforming purposes,leading to so-called

time-migration algorithms. This raises the possibility of medical ultrasound applications|in

particular, brain imaging through the adult human skull. While our simulation resultshavebeen
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encouraging,experiments with animal skulls have beeninconclusive due to the high attenuation

of ultrasound in skull bone. Further research may validate the time-migration concept for brain

imaging.

This work has at least several implications for future aberration-correction research. First,

imaging with single-valued focusingoperators may be able to correct for most of the aberration

encountered in soft tissues. Our results demonstrate obvious improvement under the screen

model, and there is every reasonto believe that further improvement is possiblewithout moving

to a more complicated model. Second,increasing aperture should not be viewed merely as a

sourceof aberration, but asan opportunit y to do a better job of correcting it. Even if a reduced

aperture is used for imaging, the extra aperture can provide more information for aberration

correction. In the OFF algorithm, for example,having a full spreadof o�sets at every midpoint

would improve the estimation accuracy at the \ends" of the imaging array. Third, the noise

penalty for using completedata setsmay not beasseriousa problem asconventionally assumed.

The extra information contained in the signalspartially compensatesfor this problem. Finally,

the performanceof hybrid algorithms should be investigated, where aberration estimates from

common-midpoint signalsin completedata setsare usedto obtain a good initial transmit focus,

followed by iterativ e focusing-operator updates.
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APPENDIX A

LO W-NOISE PREAMPLIFIERS

The array imaging system described in Section 6.1.1 routes all signalsexcept the 64 same-

element pulse-echo signals through four low-noise preampli�ers. The schematic diagram for

thesecustom preampsis shown in Figure A.1. Figure A.2 is a photograph of oneof the �nished

preamps. The frequency response(Figure A.3) was chosento maximize the gain at the array

transducer's center frequencyof 2.6 MHz.
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Figure A.1 Schematic diagram for the low-noisepreamps.
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Figure A.2 Close-upof a low-noisepreamp.
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Figure A.3 Preamp voltage gain vs. frequency.
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