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ULTRASOUND TISSUE DISPLACEMENT AND 
TISSUE ELASTICITY IMAGING 

Eric Chung Jay Chen, Ph.D. 
Department of Electrical and Computer Engineering 

University of Illinois at Urbana-Champaign, 1995 
W. Kenneth Jenkins and W.D. O'Brien, Jr., Advisors 

In this dissertation, we investigate the feasibility of using high frequency ultrasound, 

to measure tissue motion and tissue elasticity for medical imaging applications. Ultra

sound provides a means for non-invasive imaging of soft tissues, providing soft tissue 

contrast that can not be achieved using conventional X-ray or tomographic imaging. 

A two-dimensional correlation search algorithm is used to track local tissue displace

ments from radio frequency (RF) ultrasound echoes and from digitized ultrasound images. 

The accuracy of displacement imaging is investigated as a function of various imaging 

parameters such as ultrasound frequency and target size. 

Ultrasound elasticity imaging consists of three basic steps: 1) measurement of tis

sue displacement, 2) estimation of tissue stresses and strains, and 3) recovery of tissue 

elasticity. Tissue strains and tissue elasticities are obtained from reconstructed tissue 

displacement fields and experimental measurements of applied stresses. Ultrasound elas

ticity measurements were compared with independent Instron load cell elasticity mea

surements. 

Several examples of tissue displacement imaging of breast tumors in human breast 

cancer patients and ultrasound elasticity measurements of tissue phantoms (soft gels), 

and samples of bovine muscle and fat tissue are provided. 
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CHAPTER 1 

INTRODUCTION 

In this chapter we describe several potential medical and industrial applications of 

elasticity imaging. In addition, the forward and inverse problems in elasticity imaging 

are defined, and the inverse problem to be solved in ultrasound elasticity imaging is 

formulated. 

1.1 Significance 

The ability to image tissue motion and tissue elasticity is of great diagnostic value. 

The turbulent flow of fluid tissues, such as blood through an artery, can provide important 

clues in detecting intravascular plaque buildup and in monitoring the development of 

atherschlerosis and coronary heart disease [1]. Invasion of normal tissues by malignant 

cancer, such as schirrous carcinoma of the breast, can result in the formation of stone 

hard tumors, with much stiffer elasticities than normal tissues [2, 3, 4]. The capability 

to image tissue motion and differences in tissue elasticity thus provides extremely useful 

clinical information that is currently not at tainable by any other means. 

Information on tissue elastic properties, in particular, also has tremendous poten

tial for commerical applications in the giant food science and health care sectors. Al

most every major technical journal on food science contains articles on food texture or 

tenderness. Fundamental tests to measure material properties of food often consist of 

punch or shear tests or axial compressions [5, 6]. Many food texture parameters such as 

springiness, hardness, cohesiveness or fracturability are strongly related to tissue elastic 

properties [7, 8]. Objective quantitative measurements of food mechanical properties are 

of the utmost interest to the food science industry. Food manufacturers are extremely in

terested in studying the correlation between objective measurements of food mechanical 

properties and parameters from consumer taste panels such as tenderness, juiciness and 
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cohesion, important parameters that are typically used to describe the sensory perception 

of taste. 

Objective measurements of food mechanical properties are also of interest in main

taining proper food quality control and in assessing the viability of new foodstuffs. Devel

opment of objective quantitative measurements of food mechanical properties is critical 

to the establishment of standardized rating scales that would allow subjective sensory 

perception and taste of foods to be quantified in a systematic manner and is considered 

one of the most important problems in the food technology industry. As a specific ex

ample, food elasticity is generally considered to be correlated to the sensory attributes of 

chewiness, tenderness and hardness with correlation values ranging from approximately 

0.40 to 0.70 [6, 8, 9]. Many devices have been developed in the meat science industry 

to measure meat tenderness. Recent studies indicate that ultrasound image texture and 

tissue elasticity measurements could form the basis for a new USDA grading system, 

which is currently based on marbling fat [10, 11, 12]. 

Changes in tissue elasticity are often strongly correlated to the onset of tissue pathol

ogy or disease. This makes tissue elasticity information extremely useful for early detec

tion of cancer, coronary heart disease and liver cirrhosis. Some cancers such as scirrhous 

carcinomas of the breast, for example, appear as extremely hard nodules, while fluid 

filled cysts can be much softer than surrounding tissues [4]. Ultrasound imaging of tis

sue elasticities would provide a non-invasive and relatively inexpensive means for early 

detection of such cancers [2]. 

The consistency of the uterine cervix is of great interest in obstetrics and gynecology. 

In pregnancy the uterine cervix is softer than in the non-pregnant state. To date, only 

inexact and bulky analog mechanical instruments have been proposed to measure tissue 

fibroelasticity [13]. Atherosclerosis and other vascular diseases are characterized by the 

accumulation of plaque in arteries, which can lead to vessel occlusion, increased strain on 

the heart and the development of serious coronary conditions. Plaque buildup can also 

lead to dramatic changes in the elastic properties of arterial walls. Constitutive relations 
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for the human aorta have been studied; the development of high-frequency intravascular 

imaging probes would allow arterial wall elasticity to be measured [1, 14]. 

Changes in arterial wall mechanical properties are also believed to be linked to hy

pertension. A decrease in the radii of arteries is characteristic of hypertension and is 

believed to be related to arterial wall stiffness [15]. Development of artificial heart and 

vascular prostheses also requires a comprehensive understanding of intravascular elastic 

properties. Knowledge of lung elastic properties are extremely useful in the understand

ing of the mechanics of breathing. Lung tissue distortion and non-uniform distribution of 

pleural surface pressure may be caused by the shape of the lungs and chest wall. Pressure-

volume (PV) curves and spirometric tests are current standard methods of characterizing 

the stress-strain relations of the lung [16, 17]. 

Tissue elasticity information is also valuable in treating subcutaneous edema, a disease 

of the skin where swollen tissues are known to lose elasticity [18], in cirrhosis of the liver 

which can significantly reduce liver elasticity, and in viscoelastic stress and load analysis 

of human articular cartilage since the measured compliance for normal and degenerate 

cartilage has been found to be significantly different [19]. Considering the prospective 

size of consumer and patient populations, the potential diagnostic and commercial value 

of tissue elasticity imaging is both extensive and immense. 

1.2 Motivation 

Ultrasound provides a relatively inexpensive, safe and non-invasive method of imaging 

patients in real-time without the use of ionizing radiation. There are no known bioef-

fects in humans due to diagnostic ultrasound imaging [20, 21, 22]. Ultrasound video 

images can typically be acquired in a few seconds, compared with imaging times on the 

order of 30 minutes for magnetic resonance imaging (MRI) or computed tomography 

(CT). Diagnostic ultrasound imaging is non-invasive and does not require injection of 

radioactive dyes or contrast agents or insertion of catheters. The newest top-of-the-line 

ultrasound imaging systems currently cost on the order of $200,000 - $300,000, and most 

standard ultrasound exams can be performed at a cost of less than $100-8500 to the 
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patient [23, 24]. The cost of most MRI systems starts in the range of 1-2 million dollars 

with costs to the patient on the order of $500-$1000 per scan [23, 25]. Because of the 

relatively low cost and short acquisition time of ultrasound compared with MRI, CT and 

other imaging modalities, ultrasound imaging equipment and facilities are available at 

nearly every hospital. Diagnostic ultrasound imaging is performed without subjecting 

the patient to harmful ionizing radiation or x-rays. 

1.3 Scope 

Ophir et al. [4] have proposed a new technique, termed elastography, for imaging the 

elasticity of soft tissues. One-dimensional longitudinal strain distributions are recon

structed from cross-correlation analysis of received ultrasound RF A-line echoes acquired 

before and after the tissue is compressed. Two-dimensional strain images are generated 

by repeating one-dimensional measurements at several different lateral positions over the 

tissue. Elastograms, or images of tissue elastic moduli, are formed by combining infor

mation about tissue strain distributions with experimental or theoretical tissue stress 

distributions. 

O'Donnell et al. [3] have proposed a more complicated two-dimensional model which 

estimates both longitudinal and shear components of stress and strain. A Fourier speckle 

tracking technique is used to estimate local tissue displacements. Two-dimensional elas

ticity distributions are then produced from finite element analysis of tissue displacements 

and initial boundary conditions. Parker et al. [26] and Lerner et al. [27] have proposed 

a technique called sonoelasticity, where soft tissues are vibrated instead of compressed. 

Sonoelasticity employs the idea of inducing oscillations in tissue using a vibrating exter

nal source. The resulting frequency response of tissues is converted into images of tissue 

stiffness or elasticity using conventional color Doppler techniques [28, 29]. 

Tissue displacement distributions for a given applied stress, can be computed theo

retically by solving the forward problem. That is, given the elasticity distribution of the 

tissue and knowledge of the applied stress field, we compute the resulting tissue displace

ment field or tissue strain field. The tissue strain field is obtained from the derivative 

4 



of the tissue displacement field. In this case, the elasticity and stress distributions are 

the known quantities and the strain and thus displacement distribution (field) are the 

unknowns. 

To produce images of tissue elasticity, the elasticity distribution of the tissue must 

be computed by solving the inverse problem. In this case, the tissue strain field due to a 

known applied stress is measured experimentally. For the inverse problem, the stress and 

strain distributions (fields) are known (or estimated) and the tissue elasticity distribution 

is the unknown. Experimental solution of the inverse problem consists of essentially three 

steps: 

• Ultrasonic measurement of tissue displacement. 

• Estimation of tissue stress and strain distributions. 

• Estimation of tissue elasticity distribution. 

In the present study, a correlation search algorithm is used to measure tissue motion 

in two scenarios: tissue displacement imaging of breast tumors in human patients and 

ultrasound elasticity imaging of tissue phantoms and of muscle and fat tissue samples. 

One- and two-dimensional tissue displacement fields are computed from correlation anal

ysis of ultrasound RF echoes and from frame to frame correlation of ultrasound video 

images. Tissue strain distributions are estimated from the gradient of tissue displace

ment fields. Tissue stress distributions are measured experimentally using a computer-

controlled compressing device and a scale. The Young's modulus of elasticity of tissue 

samples is estimated by comparing stress and strain values, at several different applied 

stress levels. The accuracy of displacement imaging is investigated as a function of vari

ous imaging parameters in calibrated tracking measurements. The accuracy of elasticity 

measurements is established under controlled test conditions using an Instron load cell 

device, Daedal computer-controlled positioning system, and ultrasound tissue equivalent 

phantoms. 
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CHAPTER 2 

ULTRASOUND TISSUE DISPLACEMENT IMAGING 

In this chapter we describe an ultrasound correlation search algorithm used to measure 

tissue motion. Motion can be decomposed into three major components: 1) translation, 

2) rotation and 3) deformation. The correlation search algorithm and a hybrid correlation 

search algorithm described in this chapter are used to track translational and rotational 

motions. Deformations are discussed in Chapter 4. This chapter discusses three impor

tant topics: 1) a cross-correlation motion tracking algorithm, 2) an incremental tracking 

strategy used to improve tracking accuracy, and 3) an algorithm for tracking limited 

rotational motion. 

2.1 Fundamentals of Ultrasound Imaging 

Ultrasound is very high frequency sound. Ultra means extreme, and sound is mechan

ical radiant energy that is transmitted by longitudinal pressure waves in water or air (in 

some cases there may be shear waves as well). In diagnostic imaging, acoustic pressure 

or sound waves are transmitted in the frequency range of 1-10 MHz. In biological tissues, 

the speed of sound is typically on the order of 1540 m/s [30], resulting in a wavelength 

of approximately 0.1-1.0 mm. This is typically the upper limit of resolution seen in most 

ultrasound imaging systems. Diagnostic ultrasound images typically suffer from a noise 

phenomenon known as speckle. Speckle in ultrasound images is seen in the form of a 

granular textured pattern and results from scattering of the ultrasound wave as it prop

agates through tissue. Speckle noise is also seen in optical and laser imaging systems. In 

addition, the signal to noise ratio (SNR) in ultrasound images is often relatively low due 

to attenuation of the signal as it passes through lossy tissues and to speckle noise. 

Medical ultrasound provides a useful tool for imaging different types soft tissues. 

While conventional X-ray images are useful in imaging the location of bones inside tissue, 

they are not capable of differentiating between different types of soft tissues such as 
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muscle, fat and liver. The principle of X-ray attenuation is used to produce contrast 

in most X-ray and computed tomography images. X-ray and CT images are essentially 

spatial maps of X-ray attenuation. The contrast mechanism in medical ultrasound is 

acoustic impedance which depends on tissue density and speed of sound. For soft tissues 

with comparable densities, ultrasound images can be roughly thought of as spatial maps 

of the speed of sound. A significant problem in imaging malignant breast cancers and 

soft tissue tumors is that in many cases, the tumor area will often not have a significantly 

different (X-ray) attenuation or speed of sound than the surrounding tissue. However, it 

is known that many cancers, such as scirrhus carcinoma of the breast, produce tumors 

with a much different elasticity than the surrounding tissue [31]. In fact, differences 

in elasticity between breast cancers and normal tissue may span several orders of 

magnitude, producing immense dynamic range and contrast, which increases the margin 

for error in ultrasound tissue elasticity estimates [3, 32]. 

2.2 One-Dimensional Ultrasound Displacement Imaging 

Ultrasound can be used to non-invasively measure tissue motion [11, 33]. Tissue motion 

could be the flow of blood through an artery or the movement of lung or chest wall mo

tion due to the beating of the heart. There are two primary methods of detecting tissue 

motion using ultrasound. These include Doppler and correlation based techniques [34]. 

In Doppler ultrasound a sinusoidal, high frequency ultrasound wave is modulated onto a 

radio-frequency (RF) carrier and transmitted towards the target tissue. The frequency 

shift in the received signal can be used with knowledge of the speed of sound and Doppler 

angle to estimate the displacement or velocity of the target. Doppler techniques suffer 

from several limitations. These include problems estimating the Doppler angle, alias

ing and the ability to measure only the component of velocity in the direction of the 

ultrasound beam. 

To avoid these problems a time-domain correlation technique is used to measure 

tissue motion. The accuracy of the correlation technique to track tissue displacements 

has previously been established [35, 36]. To estimate tissue displacement, two ultrasound 
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echoes are acquired sequentially from a moving target. To track the displacement of the 

tissue inside a particular range gate, a portion of the first echo signal, corresponding to 

the tissue of interest, is selected or windowed out from the first ultrasound echo. The 

windowed signal is compared with identically sized template regions (windows) in the 

second echo. The location of the template inside the second echo producing the best 

match is used to determine the displacement and velocity of the tissue of interest. A 

normalized correlation coefficient is used as a measure of similarity. 

2.2.1 Correlation coefficient 

The correlation coefficient provides a measure of the similarity between two variables 

or sets of data [37]. The correlation coefficient values are limited to the range of -1.0 

to 1.0. A correlation coefficient value of 1.0 or -1.0 means that the two variables are 

linearly dependent (the data in the two windows are related by a constant). Positive 

correlation values indicate that there is a positive linear relation between the two variables 

(if one variables increases, so does the other), while negative correlation values indicate 

a negative linear relationship between the variables (as one variable increases the other 

variable decreases). Correlation values near 0.0 indicate little or no relation between the 

two variables. 

If x and y represent two variables or windows of data, then a normalized correlation 

between the two variables can be computed according to Equation (2.1) [38, 39]. 

^ = C M ^ ) (2.i) 

Here the covariance function represents the correlation or degree of linear relatedness 

between the variables x and y with the mean values first subtracted, while the variance 

functions normalize the result to have amplitude less than or equal to 1.0. The covariance 
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and variance functions are defined in Equations (2.2) and (2.3). 

Cov(a;,%/) = f;[(a;-f)(%/-%/)] (2.2) 

Var(x) = E[(x - xf] (2.3) 

where x, y and x, y are two variables and their mean values, respectively. 

If x, y are two different ultrasound echoes, then the discrete version of the correlation 

coefficient, shown in Equation (2.4), can be used [40]. That is, 

m _ j2M0-*)W + k)-n (2.4) 

VE£IM0-3>)'£2I(»(*+ *)-»)' 

where x(i),y(i) represent two M length windows of data in the ultrasound echoes #,%/, 

k represents the position of the template inside the second echo, and z, y are the mean 

amplitude values in the windows x(i),y(i). 

2.3 Two-Dimensional Ultrasound Displacement Imaging 

Two-dimensional ultrasonic imaging of tissue motion using cross-correlation is some

times called speckle tracking, although the concepts remain the same as for the one-

dimensional case. Two-dimensional speckle tracking algorithms estimate tissue motion 

by comparing speckle patterns in serially acquired ultrasonic images. The speckle pat

terns are used as landmarks or registration points to determine relative motion. To 

estimate local tissue displacement, a window of data corresponding to the tissue region 

of interest (ROI) is selected from an initial ultrasound image. This window of data is 

compared with identically sized windows of data (templates) in a successive ultrasound 

image until a best match is found. The position of the window in the initial scan and 

the position of the best match window in the successive scan are used to compute a two-

dimensional displacement vector representing the net displacement of the ROI. In this 
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manner, the velocity of tissue motion can also be determined if the elapsed time between 

scans is known. 

The correlation coefficient is used to determine the best match. If x and y are two 

different images then the discrete version of the correlation coefficient, shown in Equa

tion (2.5) can be used [39]. 

E^ i£^ i (g («- , j ) -g ) (y (< + fc,j + Q - P ) ( 2 5 ) 

' >/£& EjLiMi,i) - x? 2£i X£i(v(< + k,j + 1)- y? 

Here x(i,j),y(i,j) represent two M x N windows of data in the ultrasound images x, y, 

the variables (k, I) represent the pixel coordinates of the template region in the second 

image and x, y are the mean pixel values in the windows x, y. 

2.4 Incremental Tracking 

The accuracy of tissue speckle tracking relies heavily on the assumption that tissue 

samples produce speckle patterns that do not significantly change as the tissue is trans

lated. The tracking of local tissue motion is valid only to the extent that the speckle 

patterns or landmarks being used remain constant. However, it is known that the speckle 

patterns in high frequency ultrasound images decorrelate or change as tissue translations 

are increased [41]. Decorrelation of speckle patterns can result in significant errors in 

tissue speckle tracking [42, 43]. 

To minimize speckle pattern decorrelation, we have adopted an incremental tracking 

strategy [42]. Using this strategy, tissue regions are tracked incrementally over short 

distances. The incremental displacements can then be summed to compute a large net 

tissue displacement. Using this tracking strategy, tissue regions can be tracked over larger 

distances and the problem of speckle pattern decorrelation can be reduced. 

As a specific example, suppose it is desired to track a particular tissue region on 

videotape data over a displacement on the order of 5.0 mm. It is known that tissue speckle 

patterns show signs of decorrelation for tissue displacements as small as 1.0 mm or less [41, 
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42, 43]. Instead of acquiring video frames of the tissue region before and after the 5.0 

mm displacement, where the tissue speckle patterns have already undergone significant 

decorrelation, a number of intermediate frames are acquired. The displacement of the 

tissue region can then be incrementally tracked over smaller displacements and summed 

to produce an estimate of the net displacement. Assuming three intermediate frames 

were acquired, then the incremental displacements might be on the order of 1.0 mm, 

effectively reducing tracking errors due to speckle pattern decorrelation. This approach 

assumes that acquiring intermediate data is feasible. We have found that this is normally 

the case when using video data since commercial frame-grabbing systems can digitize 

video data at a rate of 30 frames per second. 

2.5 Accuracy of Motion Tracking 

The accuracy of ultrasound tissue motion tracking has been investigated with cali

brated motion experiments using a high precision, computer-controlled positioning sys

tem and tissue mimicking sponges. To simulate axial and lateral tissue motions, an ul

trasound imaging transducer (ATL 5.0 MHz, 742A ATL servo-controlled rotary system) 

was translated using a high precision Daedal motorized positioning system (precision of 

1 \Mm for axial and lateral motions). The Daedal system was used to simulate five types 

of translational and rotational motions. The positioning system is computer controlled 

and has five degrees of freedom, three translational and two rotational. Serial frames of 

tissue motion were digitized using a Targa-16 frame grabbing system. The results of this 

study indicate that regions as small as 1.0 mm x 1.0 mm can be tracked with less than 

4% error for displacement distances up to 2.0 mm. In addition, the test tracking exper

iments further demonstrate significant improvement in tissue motion tracking using the 

incremental tracking strategy compared with those for conventional tracking methods. 

A ' C program was written to implement frame-to-frame correlation tracking of tissue 

motion. Using incremental tracking, 1.0 cm x 1.0 cm ROIs were tracked over distances 

exceeding 10 wavelengths (A ~ 1.0 mm) with approximately 20% relative tracking error 
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compared with an over 250% relative tracking error for conventional net tracking of tissue 

motion. The results of this study have been published in two conference papers [35, 39]. 

The impact of six important imaging parameters on the accuracy of two-dimensional 

tissue speckle tracking have been investigated in depth by Chen et al. and Ramamurthy 

et al. [42, 43]. These parameters include 

• magnitude of tissue motion 

• direction (axial or lateral) of tissue motion 

• dimensions of tissue region being tracked 

» ultrasonic frequency of interrogation 

• digital sampling frequency 

• signal type (ultrasonic RF or envelope detected) 

Of particular interest was the effect of various tissues on speckle tracking. The speckle 

characteristics and internal morphology of various tissues alter the performance of speckle 

tracking in liver, muscle and fat tissues. In addition, the presence or absence of resolvable 

internal structures also affected speckle tracking performance. 

The performance of tissue speckle tracking was investigated using porcine liver, mus

cle, fat and woolen sea sponge samples in calibrated tissue tracking measurements. The 

two-dimensional performance of tissue speckle tracking was quantified in each of the four 

tissue types for tracking in the axial and lateral directions and for ROIs of various di

mensions. Tissue motion tracking performance was best in comparatively heterogeneous 

tissues such as muscle and worst in homogeneous tissue such as liver. These results are 

further discussed in Chapter 3. The impact of various important imaging parameters on 

tissue motion tracking accuracy was recently published in [42]. 
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2.6 Rotat ional Motion Tracking 

This section describes a rotational correlation search algorithm used to track rota

tional motion in 1) a calibrated phantom, and 2) clinical data from a breast tumor 

patient. Several different algorithms including optical flow techniques have been studied 

for tracking rotational motions. A number of these are reviewed in [44]. 

2.6.1 Rotat ional correlation search algorithm 

To track rotational motion an ROI is selected from an initial ultrasound image (image 

A). The ROI is assumed to rotate through an angle 0, after which a second image is 

acquired (image B). Our goal is to estimate the angle of rotation 6. 

The rotational correlation search algorithm consists of four steps: 

1. Two windows of data (W\ and W2), corresponding to the ROI before and after 

rotation are selected from image A and image B. 

2. Wi is rotated in 1.0 degree increments to produce rotated versions of itself W^. 

3. After each 1.0 degree rotation, a correlation coefficient is computed between W^ 

and W2 . 

4. The angle 0, producing the maximum correlation coefficient, is assumed to be the 

rotation angle 9. 

In other words, the ROI W\ is rotated through a series of angles <f> and at each 

angle, a correlation coefficient p(<£), is computed between W$ and the reference W2. 

The assumption that the ROI position before and after rotation is provided (step 1) is 

one of the limitations of this algorithm. Step 2 is achieved by rotating the rectangular 

coordinates of each of the matrix values of W, by the angle 0, and then applying a nearest 

neighbor interpolation. W<t> is therefore obtained by geometrically rotating W about its 

center, and then resampling at the original grid points. For points that do not fall exactly 

on the original grid points after rotation, the value of the nearest neighboring pixel is 
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used. After rotation, pixels dropping out of the image due to the rotation (particularly 

pixels near the corners) that need to be replaced by pixels rotating into the image are 

assigned values of 0 intensity. A major difficulty is that by assigning unknown pixels 

along the image periphery a 0 intensity, causes an image cropping effect (Fig. 2.1). 

The effect of the image cropping is to reduce the correlation coefficient for any given 

rotation, depending on the degree of image cropping, since pixels containing 0 intensity 

will not contribute to the sum in Equation (2.5). 

To remove this effect completely, the window W\ is selected from image A, using 

dimensions 150% the size of the original ROI (step 1). After rotation (step 2), the 

oversized (150%) image is reduced back to the original ROI dimensions (step 2b). This 

eliminates the image cropping problem, since the 0 intensity pixels along the periphery 

of the 150% image are actually unneeded. 

20 40 60 80 100 120 140 160 180 200 

Figure 2.1: Cropping effect. 

Several of the key steps are illustrated in Fig. 2.2. Figure 2.2(a) represents the 

original ROI. Figure 2.2(b) represents the oversized 150% window W\ containing the 
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Figure 2.2: Illustration of steps, (a) Tumor, (b) tumor plus surrounding tissue, (c) 
tumor plus surrounding tissue after rotation, (d) tumor only after rotation. 

ROI and surrounding tissue (step 1). Figure 2.2(c) is the oversized 150% window W\ 

after rotation (step 2). Figure 2.2(d) is the window Wi after reduction back to the 

original ROI dimensions (step 2b). 

2.6.2 Calibrated phantom results 

Ultrasound B-scan images of a fine pore sponge before and after a 2.0 degree rota

tion were acquired using a 5.0 MHz ATL imaging transducer. Rotational motion was 

simulated by rotating the transducer using a computerized positioning system. Both the 

imaging and positioning systems used to acquire these images are described in detail in 

Chapter 3. 

15 



Figure 2.3 illustrates several of the key steps in applying the rotational correlation 

search algorithm to track the rotation of the sponge phantom. Figure 2.3(a) represents 

the original ROI. Figure 2.3(b) represents the oversized 150% window W\ containing 

the ROI and surrounding tissue (step 1). Figure 2.3(c) is the oversized 150% window 

W\ after rotation (step 2). Figure 2.3(d) is the window W\ after reduction back to the 

original ROI dimensions (step 2b). 

20 40 60 80 100 50 100 150 200 

(a) (b) 

50 100 150 200 20 40 60 80 100 

(c) (d) 

Figure 2.3: Sponge phantom rotational motion example, (a) The original ROI, (b) ROI 
plus surroundings, (c) ROI plus surroundings after rotation, (d) ROI only after rotation. 

Figure 2.4 depicts the correlation function p(4>) obtained from the rotational corre

lation search of the sponge phantom. The correlation function has a peak at <j> = -2.0°, 

although the correlation function has a broad central lobe. 
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Figure 2.4: Correlation function for nearest neighbor, bilinear and bicubic interpola
tions. 

Three different interpolation algorithms were used in the rotational correlation search: 

1) nearest neighbor interpolation, 2) bilinear interpolation and 3) bicubic interpolation. 

Nearest neighbor interpolation selects the intensity of the nearest pixel (in a 9 pixel 

neighborhood) for image pixels that do not fall on the original grid points after rotation. 

Bilinear interpolation performs a linear filtering operation using an 11 x 11 filter kernel, 

which provides a uniformly weighted average of the pixels in the kernel region, for image 

pixels that do not fall on the original grid points after rotation. Bicubic interpolation per

forms a linear filtering operation which provides a weighted average using the same sized 

kernel function, with closer pixels weighted more heavily according to a cubic function. 

The correlation function was computed for three different interpolation algorithms. 

The results, shown in Fig. 2.4, indicate that there was not a significant difference in 

the rotational correlation functions using the three interpolation algorithms. Bilinear 

interpolation provided marginally higher correlation coefficients. For ultrasound images, 

information contained in the image texture depends in part on the speckle spot size 

determined by the focusing characteristics and bandwidth of the transducer. For the 

standard B-scans used, a typical speckle spot size could be between 8-12 pixels. Since all 
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pixels within a single speckle spot would be strongly (and roughly equally) correlated, 

this might explain why a linear uniformly weighted average performs reasonably well. 

2.6.3 Breast t umor results 

Ultrasound images of a breast tumor before and after an unknown rotation were 

acquired using a 7.5 MHz linear array transducer (Acoustic Imaging, Phoenix, Arizona). 

These data were obtained from the department of radiology at the University of Michigan 

hospital. Clinical protocols used in obtaining these data will be described in detail in 

Chapter 5. 

tumor, before rotation 

50 100 150 200 

tumor, after 30 degree backrotation 

200 

(c) 

0.88 

tumor, after rotation 

150 200 

(b) 
rotational correlation function 

20 40 
rotation (degrees) 

60 

(d) 

Figure 2.5: Tumor rotational motion example, (a) Breast tumor before rotation, (b) 
tumor after rotation, (c) tumor in part b) back-rotated by 30 degrees, (d) correlation 
function for tumor rotation. 
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Figures 2.5(a)-(b) show an ROI containing a tumor before and after an unknown 

rotation. Figure 2.5(c) is the ROI in (b) backrotated by 30°. Figure 2.5 is the rotational 

correlation function. The best correlated match occurs at an angle of approximately 

30°. Although the actual angle of tumor rotation is unknown, visual comparison of the 

back-rotated and original ROIs in (a) and (c) indicate the estimated angle is reasonable. 
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CHAPTER 3 

ACCURACY OF DISPLACEMENT AND VELOCITY 

IMAGING 

In this chapter we investigate the accuracy of ultrasound speckle tracking in vari

ous tissues. Results from two-dimensional tissue speckle tracking in liver, muscle, fat 

and sponge samples are presented, while keeping other speckle tracking parameters con

stant. Speckle tracking performance was characterized both in terms of the magnitude 

of tracking errors and the percentage of correctly tracked displacement vectors. Speckle 

tracking in muscle tissue, which contains myofibrils and significant tissue microstructure, 

produced the highest percentage of correctly tracked vectors and smallest tracking errors 

relative to other tissues. 

3.1 Background 

The goal of this work is to investigate the accuracy of ultrasound speckle tracking 

in various tissues. Two-dimensional speckle tracking algorithms attempt to estimate 

local tissue motion by matching speckle patterns in serially acquired ultrasonic images. 

Speckle tracking has been used in ultrasonic blood velocity measurements to detect signs 

of venous thrombosis and other vascular diseases [38], in non-invasive ultrasonic elasticity 

imaging of hard tumors to monitor early development of breast cancer [3], in intravascular 

imaging of arterial walls to measure plaque buildup and the subsequent development of 

atherosclerosis [1], and in phase aberration correction techniques [45]. The reliability of 

ultrasonic blood velocity, tissue elasticity and phase aberration correction measurements 

depends on the accurate performance of speckle tracking. 

Elasticity imaging, for example, often requires two-dimensional speckle tracking of 

small areas of tissue to estimate internal tissue displacement. Tissue displacements are 

then used to reconstruct tissue strain fields. Errors in speckle tracking resulting in er

rors in displacement estimates directly influence the accuracy of strain estimates and 
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ultimately reconstructed elasticity fields. In a similar fashion, measurements of phase 

aberrations and blood velocity depend on reliable speckle tracking. Thus, it is critical 

to understand to what degree speckle tracking measurements are reliable and how differ

ent factors may affect the reliability of those results. Of particular interest is the effect 

of various tissues on speckle tracking. In this study, we investigate the performance of 

speckle tracking in liver, muscle and fat tissues, while keeping other speckle tracking pa

rameters such as ultrasound frequency and region of interest (ROI) dimensions constant. 

The effect of other important imaging parameters on speckle tracking accuracy have been 

reviewed in [42]. 

3.2 Calibrated Tracking Measurements 

Four types of samples, three tissues and one sponge, were used in speckle tracking 

experiments. Tissue samples consisted of porcine muscle, liver and fat obtained from the 

Meat Sciences Laboratory, Department of Animal Sciences at the University of Illinois. 

Tissue samples were approximately 150 mm in length and 100 mm by 100 mm in width 

and height and were vacuum sealed. Tissue samples were packed in ice and transported 

to the Bioacoustics Research Laboratory for experiments within 24 hr of death. The 

sponge sample consisted of a standard commercially available fine pore urethane sponge 

with dimensions of 150 mm x 100 mm x 100 mm. Similar sponge targets have been 

used in previous studies [46] and have been shown to produce reasonable speckle images. 

A histogram of pixel intensities was also used to verify speckle scattering. Samples were 

placed below an ATL transducer and secured on top of sound absorbing slabs near the 

bottom of a water tank. Ultrasound B-scan images of samples were acquired using a 

5.0 MHz, 742A ATL servo-controlled rotary system coupled to an ATL MK-500 imaging 

system. The ATL transducer had a 9.5 mm diameter crystal and used a mechanical 

sector scan with a 4.0 cm focal distance, and with a focal region extending from 2.0 cm 

to 6.0 cm. Samples were positioned in the approximate center of the transducer's focal 

region and were imaged in a manner to cover the entire field of view of ultrasound B-
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scans. All measurements were performed at room temperature (22°C) and the positions 

of all tissue samples remained fixed throughout the experiment. 

To simulate axial and lateral tissue motions, the transducer was translated using a 

high precision Daedal motorized positioning system (precision of 5 microns for axial and 

lateral motions [47]). The positioning system is computer controlled and has five degrees 

of freedom, three translational and two rotational. Sequentially acquired frames of tissue 

motion were digitized using a Targa-16 frame grabbing system with a spatial sampling 

(pixel size) of approximately 0.25 mm per pixel in both the axial and lateral directions. 

Digitized gray scale images were ported to a Sun Sparc 20 workstation for speckle tracking 

and analysis. A sequence of ten images was acquired for each tissue. The following 

speckle tracking parameters were held constant throughout the experiment: ultrasound 

frequency (5 MHz), magnitude and direction of motion (axial and lateral translations in 

1.0 mm increments), ROI size (3.0 mm x 8.0 mm). 

3.3 Performance Criteria 

To characterize the performance of speckle tracking in each of the tissues, displace

ment vectors were computed for ROIs inside the focal region, and speckle tracking per

formance was calculated in terms of the percentage of correctly tracked displacement 

vectors. The size of the search region used in both the axial and lateral directions was 

1.3 times the magnitude of the actual displacement. Similarly sized search regions were 

used in previous studies and shown to provide reasonable speckle tracking [43]. Following 

the convention of previous groups [34], displacement vectors tracked within 30% of the 

actual displacement in the axial and lateral directions were considered correct. Thirty-

two displacement vectors were calculated for each translation. The dimensions of ROIs 

were 3.0 mm x 8.0 mm or approximately four resolution lengths in each dimension [41]. 

The axial and lateral resolutions of the ATL imaging system was estimated to be approx

imately 0.75 mm and 2.0 mm, respectively, based on the transducer frequency, diameter, 

focal length and pulse width. 
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An incremental tracking algorithm was used to measure large displacements. Using 

this algorithm, large displacements were obtained by summing smaller interframe dis

placements. For example, a 3.0 mm displacement between frames 1 and 4 in an image 

sequence is estimated by summing the differential displacements between frames 1-2, 2-3 

and 3-4. 

The magnitude of tracking errors was computed for all ROIs tracked in all tissues. 

Tracking error was defined as the geometric distance between actual and tracked dis

placements and is mathematically defined as 

e = J((xt-x0)
2 + (yt-yo)

2) (3.1) 

where {xo,y0) and (xt,yt) denote the actual and tracked coordinates of displacement, 

respectively. 

One of the problems encountered in assessing the performance of speckle tracking 

was whether to characterize tracking performance in terms of tracking error (geometric 

distance between actual and tracked displacements) or in terms of the percentage of 

correctly tracked vectors. Tracking errors provide more exact information about the 

magnitude of errors, yet are less useful in conveying the performance of tracking a large 

number of vectors. In addition, tracking errors for a single ROI can be misleading if the 

ROI happens to track very correctly or incorrectly. Performance measured in terms of the 

number of correctly tracked vectors has been used by previous groups [34]. The drawback 

of this method is that no specific information is provided regarding the magnitude of 

errors for vectors that are correctly or incorrectly tracked. ROIs from different tissues 

may result in the same percentage of correctly tracked vectors for a given displacement. 

Yet the average magnitude of tracking errors may differ significantly. In fact, tracking 

errors between two different tissues may differ by as much as 30% for correctly tracked 

vectors. This difference could be even higher for incorrectly tracked vectors. In addition, 

the threshold of 30% (vectors tracked within 30% of actual displacement assumed correct) 
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is arbitrary and the fact that search dimensions were selected to be 1.3 times the actual 

displacement may positively bias results. 

We have chosen to assess the performance of speckle tracking in terms of both tracking 

error and percentage of correctly tracked vectors. The latter is useful in conveying the 

performance of speckle tracking for a large number of vectors, while the former provides 

more detailed information regarding the magnitude of tracking errors. All tracking errors 

were computed by averaging the errors from at least ten independent, non-overlapping 

ROIs selected from within the focal region in all tissues. This provided additional insight 

into the true speckle tracking performance in each tissue. For example, in the axial 

dimension, while almost all vectors were correctly tracked in all tissues as defined by 

the 30% threshold, it is clear that the magnitude of tracking errors was largest in fat 

tissue. This could lead to larger errors in ultrasound displacement and strain imaging 

in fat compared to those for other tissues. Information about the magnitude of speckle 

tracking errors in each tissue would not be directly available from plots of the percentage 

of correctly tracked vectors. Fat samples also produced the widest axial and lateral 

autocovariance curves compared to those for muscle, liver and sponge, which suggests a 

larger speckle cell size. 

3.4 Speckle Statistics 

Tissue autocovariance curves were generated by selecting an axial or lateral line of 

data passing through the center of digitized images of each tissue type. An autoco

variance sequence was computed for each line of data using the sample autocovariance 

estimator 

JV-|fc|-l 

C(k)= J2 {x(i)-x)(x(i + k)-x) (3.2) 
i=0 

and normalized to amplitude values between 1.0 and -1.0. In Equation (3.2) k represents 

the shift or spatial separation between two points on an ultrasound image and x represents 
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the average pixel value in the image x. The autocovariance curves provide information 

about how correlated or related two different points, separated by a distance k, in the 

ultrasound image are. The autocovariance or correlation between two points in an image 

typically decreases as the distance k between the points increases. An image consisting of 

random white noise could be expected to have a very narrow autocovariance curve with a 

peak at C(0) with C(k) = 0 for k ^ 0, which indicates that all of the pixels separated by 

a distance k > 0 are uncorrelated. An image of constant intensity would have a fiat (or 

very broad) autocovariance curve C(k) = 1, which indicates that all of the information 

in the image is highly correlated or redundant. The term auto comes from the fact that 

we are computing the correlation between pixels within the same signal or image. 

-2 0 2 
axial displacement (mm) 

- 2 - 1 0 1 2 
lateral displacement (mm) 

(a) (b) 
Figure 3.1: Tissue autocovariance curves. Liver (x), muscle (o), sponge and fat (-). 

The axial and lateral experimental autocovariance curves for liver, muscle fat and 

control sponge are shown in Fig. 3.1. Measurements were averaged over five axial and 

lateral lines of data. Speckle pattern decorrelation for axial and lateral translations of the 

control sponge are shown in Fig. 3.2. Data points are the average of five independent, 

non-overlapping ROIs. 

Errors in tissue speckle tracking have been categorized into two main 

types [43]. Jitter errors occur when the position of the actual correlation peak has been 

shifted inside of the main lobe due to noise. False peak errors occur when the position 
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Figure 3.2: Speckle decorrelation curve. Axial translation (o), lateral translation (x). 

of the actual correlation peak has been shifted to one of the sidelobes. In tissue speckle 

tracking a correlation function can be generated and plotted from the correlation coeffi

cients, at each position inside the search area. The location of the correlation peak should 

correspond to the area of tissue providing the best match with the ROI and this location 

can be used to compute the displacement of the ROI. Correlation interpolation methods 

have been suggested to more precisely estimate the exact location of the true correlation 

peak, which may fall between data points [48]. Tissue tracking correlation functions 

will often have many of the same characteristics as the tissue autocorrelation curve. An 

autocorrelation curve with a broad main lobe will make it more difficult to locate the 

exact position of the peak correlation and will thus contribute to jitter errors [41, 42, 43]. 

High amplitude sidelobes in the tissue autocorrelation curve will increase errors due to 

false peaks. Errors due to the classic peak hopping phenomenon can be reduced by using 

the moment, or center of mass, of the correlation function rather than simply the peak 

amplitude of the correlation function. The second-order statistics of speckle generated by 

different tissues should provide an indication of speckle tracking performance [41, 42, 43]. 

Covariance curves for all tissues were very similar and were within the 95% confidence 

intervals of one another. Based on the covariance curves, we would not expect speckle 

tracking performance to be significantly different in the various tissues in tracking over 
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short distances. This was observed to be the case in both the axial and lateral directions 

for displacements up to 2.0 mm, where close to 100% and 80%, respectively, of all vectors 

were correctly tracked in all tissues. At larger displacements, particularly in the lateral 

direction, the difference in speckle tracking performance increases. For larger magnitude 

displacements (2.0 mm - 4.0 mm) the covariance curves may be less reliable predictors of 

tracking performance since the variance of autocovariance estimates was observed to in

crease significantly for larger lags (displacements). For all tissues, axial covariance curves 

were between two to four times narrower than for the corresponding lateral covariance 

curves. 

3.5 Results 

The performance of speckle tracking depends on a number of ultrasonic imaging pa

rameters including magnitude and direction of tissue motion, ROI dimensions, ultrasonic 

frequency and tissue type. The two-dimensional performance of tissue speckle tracking 

was quantified in terms of the percentage of correctly tracked displacement vectors in 

three different tissue types, while keeping other parameters constant. 

3.6 Effect of Tissue Type 

Quantitative comparison of speckle tracking performance in each of the tissues in 

terms of percentage of correctly tracked vectors is shown in Fig. 3.3. Axial speckle 

tracking accuracy was approximately the same in all tissues. Almost all ROIs were 

correctly tracked in all of the tissues for displacements up to 3.0 mm. In the lateral 

direction, for displacements up to 2.0 mm, speckle tracking performance was comparable 

in all tissues. For larger displacements (2.0 mm - 4.0 mm), speckle tracking accuracy in 

liver was approximately 10% lower than in the control sponge, and approximately 20% 

lower than in muscle. Speckle tracking performance can also be plotted as a function 

of the imaging system axial and lateral resolutions. Axial speckle tracking results are 
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Figure 3.3: Percentage of correctly tracked vectors. Liver (x), muscle (o), sponge and 
fat (-). 

shown over a slightly smaller displacement range so that the maximum translation in 

both directions is equivalent to approximately four resolution lengths. 

All measurements in tissues were compared with measurements of a control sponge. 

Similar sponge targets have been used by previous groups and have been shown to gen

erate reasonable ultrasound speckle images [46]. 

Tracking errors appeared to be consistently lower in muscle tissue relative to the 

control sponge, and consistently higher in fat for both axial and lateral translations. The 

improved tracking in muscle relative to liver and fat may be due to the presence of a large 

number of myofibrils, blood capillaries and other muscle tissue microstructures, and the 

absence of such microstructure in liver and fat. 

3.7 Tissue Morphology 

3.7.1 Liver 

Liver tissue is predominantly composed of hepatic and Kupfer cells. These cells are 

polyhedral in shape and have dimensions ranging from approximately 200 to 400 microns. 
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Despite the presence of portal and hepatic veins, liver posseses a relatively homogeneous 

tissue morphology [49, 50, 51, 52]. 

3.7.2 Muscle 

Muscle tissue posseses a relatively heterogeneous internal tissue morphology, which is 

attributable to the presence of many well-defined and often acoustically resolvable image 

structures contained in muscle that appear in the form of long strands and streaks [42]. 

Muscle tissue is composed of thousands of cylindrical muscle fibers with diameters ranging 

from 10 to 100 microns and with lengths as long as 30 cm [53, 54, 55]. Inside the muscle 

fibers are cylindrical elements (myofibrils) 1 to 2 microns in diameter. Myofibrils occupy 

approximately 80% of fiber volume. Myofibrils are contained in an inner membrane 

called the sarcolemma, which, in turn, is contained in an outer membrane called the 

basil lamina. Muscle fibers are grouped in clusters or bundles. Individual muscle fibers 

are held together by a connective tissue sheet known as the endomysium, which may also 

contain nerve axons and blood capillaries. Bundles of muscle fibers are contained in a 

connective tissue known as the perimysium, which is contained inside an outer tissue layer 

called the epimysium. In scattering theory, muscle is often approximated as a collection 

of cylindrical fiber elements [56]. The internal morphology of muscle is composed of 

many layers and tissue structures. A combination of one or more of these structures may 

provide distinct and acoustically resolvable image structures. 

3.7.3 Fat 

Animal cells store fatty acids in the form of fat. Most fat in animals is stored in adipose 

tissue where it can be used to ensure a continuous supply of fuel for animal metabolism. 

Fat molecules are composed of three fatty acid molecules called triacylglycerols. These 

molecules have no charge and are largely insoluble in water [55]. As such, fat molecules 

coalesce into droplets in the cystol (area between cell structures) in most animal cells. 

Large fat droplets account for most of the volume in adipocytes or fat cells. Adipocytes 

are believed to develop from fibroblastlike cells. While the exact conversion process is 
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more detailed, adipocytes are essentially an accumulation of fat droplets that coalesce 

and are surrounded only by a thin rim of cytoplasm [55]. Fat tissues are therefore 

largely homogeneous in composition, lacking the presence of distinct or resolvable image 

structures. 

3.7.4 Sponge 

A fine pore sponge was used as a control tissue. The sponge contained a large number 

of small pores with diameters ranging from approximately 1.0 mm to 1.0 cm. The internal 

morphology of the sponge was predominantly homogeneous containing few distinct or 

acoustically resolvable image structures. 

3.8 Effect of Target Motion 

3.8.1 Magni tude of motion 

Tissue speckle tracking errors for axial and lateral translations are shown in Fig. 

3.4. Tracking errors shown are the average of tracking errors from speckle tracking 

ten separate, non-overlapping ROIs. Tracking errors appeared to be lower in muscle 

tissue relative to that of the control sponge, and higher in fat for both axial and lateral 

translations. 

3.8.2 Direction of motion 

Tracking performance was observed to be substantially better in the axial direction 

for all tissues in terms of both magnitude of tracking errors and percentage of correctly 

tracked displacement vectors. Tracking performance also deteriorated for larger transla

tions, results that are in agreement with previous studies [42, 46]. 

3.9 Limitations and Problems 

Because ultrasonic echoes result from internal tissue variations of acoustic parameters, 

differences in the variation of propagation speed inside each tissue type may result in 
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Figure 3.4: Tissue speckle tracking errors. Liver (x), muscle (o), sponge and fat (-). 

different signal to noise ratios in the echoes received from each tissue. In addition, 

attenuation effects could result in a downshift in the center frequency of reflected echoes, 

thus changing the effective ultrasonic frequency of interrogation and affecting tracking 

accuracy. The propagation speed for all four sample types is within 5% of each other [30]. 

Also, the differences in attenuation between liver and muscle are typically less than 

10% [57] and downshifts in frequency due to attenuation are typically on the order of 

only a few hundred kilohertz for a center frequency of 5.0 MHz. Thus, the contribution 

from these effects should remain relatively small. 

Speckle tracking performance will also be clearly dependent on the transducer axial 

and lateral resolutions and focusing characteristics. Since B-mode images were acquired 

using a mechanical scan transducer with a fixed focal distance, all ROIs were selected 

within 1.0 cm of the focal plane, within the transducer focal region (2-6 cm). 

A major difficulty in estimating tissue covariance curves was the non-constancy of 

received B-mode signal levels with increasing range. This problem was also observed 

in [41]. To reduce this effect, autocovariances were computed only over axial regions where 

the received signals were relatively constant. However, the short sample intervals had the 

effect of increasing the variance of autocovariance curves. Results from averaging data 
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from five different axial signals separated by at least two lateral correlation lengths [58] 

and taken from different images helped to reduce these variances. 

Axial and lateral tissue autocovariance curves may be strongly affected by tissue 

anisotropics. Since muscle tissue contains a large number of myofibrils and other tissue 

microstructures which may result in periodic or highly correlated object 

structure [41], we could expect to see larger differences between muscle axial and lat

eral covariance curves than for those in liver, fat and control sponge which more closely 

resemble isotropic media. However, we are less likely to see significant differences in the 

axial and lateral covariance curves if muscle fibers are randomly oriented, thus provid

ing an equally random medium in both directions. We would expect to see significant 

differences in axial and lateral covariance curves if the majority of fibers were oriented 

in the same direction. For the muscle samples used in the study, muscle fiber orienta

tion was observed to be largely random, with fibers neither parallel nor perpendicular to 

the ultrasound beam. We therefore did not observe more significant differences between 

muscle axial and lateral covariance curves relative to liver and fat tissue. 

It should be understood that using incremental tracking, errors will accumulate with 

increasing displacement, independent of decorrelation effects. For example, for cases 

where there is very little or no decorrelation, net tracking will be more accurate. There 

is therefore a tradeoff between incremental tracking step size and decorrelation effects. 

Our results suggest that speckle tracking for ultrasound elasticity imaging in mus

cle and liver tissues should provide reasonably accurate results for small displacements 

(1.0 mm - 2.0 mm). For larger displacements, displacement estimates based on direct 

speckle tracking may be less accurate, particularly in the lateral direction and in fat 

tissue. Use of an incremental tracking strategy should help to reduce tracking errors due 

to speckle decorrelation. 
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CHAPTER 4 

ULTRASOUND ELASTICITY IMAGING 

This chapter discusses some of the basic terms, equations and assumptions used in 

elasticity imaging. Two of the important topics discussed are the Poisson ratio and the 

constrained Young's modulus. 

4.1 Tissue Mechanics 

Elasticity is the ability of a strained body to recover both its size and shape after 

deformation. A material that bounces back to its original size and shape after loading 

is said to behave elastically. A common abuse of notation occurs when we refer to the 

elasticity of a material when we really intend to discuss its stiffness or elastic modulus. 

The longitudinal elastic modulus on a sample of material is defined as the normal 

stress (force/unit area) on the sample divided by the resulting longitudinal strain (change 

in length/original length) on the sample 

E = - (4.1) 

where E represents the longitudinal elastic modulus, a is the applied stress and e is the 

resulting longitudinal strain defined in Equation (4.2). 

Here AL represents the change in length (height) of the sample after a load is applied 

and L is the initial height of the sample. The stress-strain relation in Equation (4.1) is 

also well-known to engineers as Hooke's Law. In these studies, our goal was to estimate 

the global elastic modulus of tissue samples, essentially treating each sample as a single 
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one-dimensional spring with a uniform spring constant K. For small deformations, the 

tissue sample obeys Hooke's Law 

F = Kx (4.3) 

The elastic modulus or Young's modulus E in Equation (4.1) is analogous to the spring 

constant K in Equation (4.3). Young's modulus (YM) provides a measure of the stiffness 

of a material and is valid for only small strains (typically < 3%) [59, 60]. By measuring 

the strain for several different applied stresses, the stress-strain behavior of the samples 

can be characterized. Young's modulus acts as a constant of proportionality between the 

stress and strain on a material, and it can be estimated from the slope of the curve in 

the linear region of the stress-strain curve. 

The Poisson ratio, v, represents the degree to which a material expands laterally, as 

it is strained (compressed) axially. 

v = 
lateral strain 

axial strain 
(4.4) 

The Poisson ratio is limited to values between 0.0 < v < 0.5 [61]. Materials with v = 0 are 

termed completely compressible, while materials with v = 0.5 are termed incompressible. 

Compressibility roughly represents the degree to which the material obeys a conservation 

of volume. When completely compressible materials are compressed axially, they do not 

expand laterally. When incompressible materials are compressed axially, their volume 

must remain constant and they expand laterally. 

Most soft tissues are considered as roughly incompressible materials and are assumed 

to have a Poisson ratio in the range of 0.45 < v < 0.49 [59]. Intuitively, this means that if 

the tissue is compressed by 1 unit axially (in the z-direction), it must expand by roughly 

0.5 units laterally in both the x and y directions. 
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4.2 Constrained Young's Modulus 

In the preceding discussion and in the sections that follow, the theory is described for 

one-dimensional measurements. Ideally, for one-dimensional measurements, all samples 

measured should be bar samples. However, in practice, samples will have a finite height-

to-diameter aspect ratio. The exact effect of sample dimensions on test measurements 

will be discussed in Chapter 6. 

In elasticity measurements it is important that samples remain unconfined or uncon

strained laterally as they are compressed axially. If samples are constrained laterally then 

the constrained YM (Yb) will be larger than the unconstrained YM (Y0). The constrained 

YM Yb, is related to the unconstrained YM Y0 according to the equation 

where v represents the Poisson ratio of the material. Therefore, C represents a correction 

factor between the constrained and unconstrained cases. 

4.3 One-Dimensional Displacement Imaging 

By applying precise uniaxial compressions to a tissue sample, and by measuring the 

resulting stress and strain on the sample, discrete points of the tissue stress-strain curve 

can be obtained. Correlation analysis of digitized ultrasound A-lines acquired after each 

incremental compression allows the incremental deformation and strain on the sample to 

be precisely calculated. The equivalent applied stress on the sample is experimentally 

determined from scale readings. 

A one-dimensional tissue displacement profile can be computed by placing multiple, 

possibly overlapping windows at various positions in a pre-compression ultrasound A-line 

and tracking the displacement of each window. Larger window sizes provide improved ac

curacy in displacement tracking, while smaller window sizes provide improved resolution 

in the tissue displacement profile. 
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By incrementally compressing a tissue sample, the stress-strain response of the sample 

can be investigated for very large strains using incremental tracking of tissue displace

ment. 

4.4 One-Dimensional Strain Imaging 

Cross-correlation of data windowed from each ultrasound A-line can be used to calcu

late the displacement of the bottom surface of a tissue sample after the tissue is com

pressed. As a simple example, the correlation technique can be used to track the position 

of the top and bottom (endpoints) of the sample before and after compression. By track

ing the displacement of the endpoints, the thickness and thus global strain on the sample 

can be precisely calculated (approximately 4% error for displacements up to 2.0 mm as 

cited in Section 2.5). 

A one-dimensional strain profile of local tissue strains can be computed again by 

placing multiple, possibly overlapping windows at various positions in a pre-compression 

ultrasound A-line and comparing the relative displacement of adjacent windows. This 

is achieved by subtracting the displacement of adjacent windows. Conceptually, we can 

think of placing a set of N equally spaced markers along the pre-compression A-line. 

The N markers divide the A-line signal into N — 1 equally sized segments where each 

segment represents a small one-dimensional spring or tissue element. By tracking the 

relative displacement of the markers, we can compute the strain on each tissue element 

using: 

;W - ^ («) 

where e(i) represents the strain of the ith tissue element, AL(z) is the difference in dis

placement between the i and i+1 markers and L represents the length of a tissue element. 

The tissue strain distribution is essentially the derivative of the tissue displacement dis

tribution. 
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4.5 Uniformity of Stress Distr ibution 

If a small sample of tissue is deformed by a compressing punch, the resulting stress 

distribution in the tissue sample will be uniform and constant provided that the surface 

area of the compressing punch is greater than or equal to the surface area of the sample. 

It is generally desirable to use a compressor punch that is larger than the sample to 

reduce the possibility of stress non-uniformities at the sample edges. In this study, all 

experiments were conducted with punch surface dimensions larger than sample surface 

dimensions. One-dimensional tissue stress profiles will all be considered to be uniform and 

of a constant stress under the assumption of uniform stress distribution. Tissue stresses 

will be experimentally measured from scale readings and Daedal computer-controlled 

compressions. 

4.6 One-Dimensional Elasticity Imaging 

By combining information from tissue stress and strain distributions a one-dimensional 

profile of tissue elasticity can be computed. A longitudinal profile of the Young's moduli 

of small tissue elements is obtained by simply dividing the stress on a particular tissue 

element by the corresponding strain on the same element according to Equation (4.7). 

BO) = ^ (4.7) 

where E(i) represents the longitudinal elastic modulus of the ith tissue element, a is 

the uniform applied stress and e(i) is the resulting longitudinal strain on the ith tissue 

element. 
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CHAPTER 5 

DISPLACEMENT IMAGING OF BREAST CANCERS 

In this chapter, we investigate the feasibility of using ultrasound to measure tis

sue motion for cancer detection. Tissue displacement images from eight patients with 

sonographically apparent breast masses are used to illustrate the technique. The lo

cal displacement response of tissues surrounding malignant and benign breast masses is 

compared, testing the hypothesis that altered mechanical properties may result in mo

tion signatures for many soft tissue tumors relative to their host tissue. In addition, 

the potential or anticipated influence of various biological and physical factors on tissue 

motion response is discussed. 

5.1 BACKGROUND 

Recent studies indicate that breast cancer affects one out of every eight women in 

the United States [62]. Early detection can greatly improve a woman's chances for 

survival [63]. It is estimated that approximately 20 percent of breast cancers are missed 

in conventional mammographic screening [64]. Several risk factors for breast cancer have 

been identified [65]. These include family history, nutrition and exposure to radiation. 

Yet in almost 75 percent of women with breast cancer, none of these factors is present [65]. 

While not present in all mammograms, the presence of a stellate mass in the breast is 

one of the most distinct mammographic characteristics of a breast malignancy[64,66-71]. 

5.1.1 Physiology of malignant breast masses 

It is believed that cancer cells in the breast stimulate the growth of fibrous tissues. 

This pattern of growth, termed desmoplastic reaction, is what gives malignant breast 

masses a dense or hard consistency. Carcinoma cells grow in the path of least resistance. 

When the surrounding tissues are firm and have a mostly glandular constituency, as 

found in younger women, the tumor cells tend to grow in clefts between fibrous regions. 
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When the surrounding tissues are soft and have a more fatty consistency, tumor cells grow 

in all directions. Many primary malignancies exhibit a stellate (star-shaped) pattern or 

spiculated appearance [66, 67, 68]. The spiculated appearance of many malignant masses 

in the breast, with tentacles radiating outward from the tumor into surrounding tissues, 

is well-documented in the literature [66,72-79]. 

Figure 5.1: Textbook drawings of malignant and benign tumors. 

Drawings of idealized infiltrative and benign primary breast lesions are shown in Fig. 

5.1 (adapted from [69]). The infiltrative malignant mass is characterized by a stellate 

configuration with spicules and is reasonably typical of invasive ductal carcinoma. In 

other cases, the invasion may have longer stellate radial arms due to desmoplastic reaction 

between the surrounding tissue and the tumor and may include invasion along ducts and 

other connective tissue surfaces. 

The degree of desmoplastic reaction or deformation of surrounding tissues due to 

bonding between the tumor and connective tissues will alter the tumor and connective 

tissue responses to palpation. Ultrasound provides a method for real-time imaging of 

local tissue motion, which may be helpful in diagnosing breast cancer [70]. Ultrasonic 
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measurement of local tissue motion provides a means of quantifying tumor and connective 

tissue responses to palpation. This information could be potentially used in the early 

detection and classification of many developing breast cancers. 

Desmoplastic reaction may also alter the mechanical and thus tissue elastic properties 

of invaded areas. Ultrasonic elasticity imaging, which involves non-invasive ultrasonic 

measurement of tissue elastic properties, has also been demonstrated as a viable means 

of imaging small, totally non-palpable objects in simulated gel phantoms of the breast [3, 

4, 31, 32]. 

5.2 M E T H O D S 

High frequency ultrasound images of malignant and benign breast masses were ac

quired from eight patients seen in the Department of Radiology at the University of 

Michigan Hospital. Information regarding patient age, menopausal status, type and size 

of mass and biopsy type, and results are shown in Table 5.1. 

Patients were scanned using a 7.5 MHz linear array transducer (Acoustic Imaging, 

Phoenix, Arizona). The transducer was used to perform palpation with the patient 

supine and the breast stationary. In each case the patient's arm was placed above the 

head on the side scanned. The term palpation is used to denote a translational mo

tion of the imaging transducer over the breast accompanied by a hand-rocking motion 

by the physician. The transducer was translated opposite to the direction of palpation, 

imparting a small shearing force on the parenchymal tissue directly above the mass. We 

were particularly interested in tracking the motion of parenchymal tissue adjacent to and 

above masses to see if this could provide a motion signature for each mass. We specif

ically examined the interface between masses and adjacent tissue in terms of a motion 

gradient as a possible means to separate infiltrative and non-infiltrative abnormalities. 

All examinations were performed with informed consent of patient volunteers, under pro

tocols approved by the institutional review board. Breast masses were diagnosed based 

on ultrasound, mammography and biopsy results. 
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Table 5.1: Patient information 

Patient # 
1 
2 
3 
4 
5 
6 
7 
8 

Age 
42 
46 
30 
59 
35 
43 
64 
78 

Menopausal 
pre-
pre-
pre-
post 
pre-
pre-
post 
post 

Mass type 
fibrocystic 
fibrocystic 

fibroadenoma 
fibrocystic 

breast nodule 
amelanotic melanoma 

invasive ductal carcinoma 
invasive ductal carcinoma 

Biopsy 
excisional 
aspiration 
aspiration 
aspiration 

none 
excisional 
excisional 
excisional 

Mass diameter 
3.0 mm 
10.0 mm 

40.0 mm, 20.0 mm 
13.0 mm 
7.0 mm 
4.8 mm 
18.0 mm 
3.7 mm 

Sonographic features considered in diagnosing benign masses included homogeneity 

of internal echoes, good margination or definition of edges, non-attenuation of sound 

through transmission of the mass and the presence of strong anterior echoes while features 

used in diagnosing malignancy included irregular margination of masses, laterally dense 

boundary echoes (halo), rough or jagged borders, and the presence of posterior shadowing 

[81-85]. The composition of the breast parenchyma tissues was also characterized for each 

patient, based on mammography and ultrasound data unless otherwise stated. 

Palpation consisted of three types of motion: simple translation, rocking and com

pression. Continuous ultrasonic scans of the resulting breast tissue motion were recorded 

on standard VHS videotape. Serial frames of breast tissue motion through a single palpa

tion cycle were digitized using a commercially available Targa version 2.0 frame grabbing 

system (Truevision). A sequence of three digitized ultrasound images was acquired for 

each patient. The digitized gray scale images were ported to a Sun Sparc2 workstation 

for analysis. 

Color images of the tissue displacement field resulting from palpation were computed 

by centering a rectangular grid of equally spaced points, on the lesion in the first frame 

of each image sequence. A rectangular kernel region was centered on each grid point 

and the two-dimensional displacement of each kernel region was tracked through the 

image sequence using frame-to-frame correlation. By tracking the displacement of various 
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kernels or regions of tissue at each grid point in the field, a map of displacement vectors 

representing the tissue displacement field can be generated. 

These initial results were computed from ultrasound images of the simple translational 

motion only. Breast tumors were rated for malignancy by a University of Michigan 

radiologist on a scale of 0-3, 0 indicating the lesion was most definitely benign and 3 

indicating the lesion was most definitely malignant. To simplify the display of tissue 

displacement fields, only the lateral component of tissue motion, which was the same 

as the direction of palpation, is shown at this time. Blue areas indicate small tissue 

displacements (0 - 10.0 mm), yellow areas indicate moderate tissue displacements (10.0 

mm - 17.0 mm), and red areas indicate large tissue displacements (17.0 mm - 25.0 mm). 

The system allows the user to specify the desired spacing between grid points, kernel 

dimensions and number of frames in the image sequence. The system requires approxi

mately 45 sec to compute the displacement of a single ROI with dimensions of 3.75 cm 

x 1.25 cm through a sequence of three images. 

5.3 Resul ts 

The results of this study consist of 1) gray-scale findings based on ultrasound and 

mammography data, and 2) displacement maps computed using ultrasound motion anal

ysis. A brief synopsis of these findings are presented in Sections 5.3.1 and 5.3.3 with 

results from three representative patients. The complete findings from all patients in this 

study are presented in Sections 5.3.2 and 5.3.4. 

5.3.1 Ultrasound images of breast tumors (3 sample patients) 

Patient A (#2 in Table 5.1) has a solid benign mass with malignancy rating=l. 

Benign features on the ultrasound image (Fig. 5.2) included homogeneity of internal 

echoes, good margination or definition of edges and non-attenuation of sound through 

transmission. 
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Figure 5.2: Ultrasound from patient A. 

The lesion in Patient B (#5 in Table 5.1) contained some benign features, but had 

irregular margination with suggestion of posterior shadowing. There was poor edge def

inition with laterally dense boundary echoes (known as halo) compatible with a scirrhus 

carcinoma with stellate tentacles extending into surrounding tissues (Fig. 5.3). This 

lesion was given a malignancy rating=2. 

Patient C (#6 in Table 5.1) has a lesion which appears to have inhomogeneities of 

internal echoes with some suggestion of areas of necrosis (Fig. 5.4). It is most likely a 

metastasis and was given a malignancy rating=3. The lesion appeared to drag adjacent 

parenchyma when palpated. 

5.3.2 Ultrasound images of breast tumors (complete Findings) 

The results of this section include findings from ultrasound and mammography data. 

Figure 5.5 shows an ultrasound scan of normal breast tissue containing a benign cyst 

(patient 1, Table 5.1). The mass is well-marginated, anechoic, with well-defined posterior 

margin and enhanced through transmission, all classic sonographic features of a benign 

cyst. 

Figure 5.6 is a scan of the same plane of the breast at the end of palpation by the 

physician. The position of the cyst pinpointed by the correlation search algorithm is 
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Figure 5.3: Ultrasound from patient B. 

highlighted. Motion of a cyst can be seen in ultrasound B-scan images if the cyst is 

palpated by standard hand techniques. Figure 5.7 indicates the initial and final positions 

of the cyst shown in Fig. 5.5 and of a section of tissue adjacent to the mass. From Fig. 5.7 

it is apparent that there is significant displacement of the lesion due to palpation, but only 

minimal displacement of the adjacent parenchymal tissue proximal to the transducer. 

Gray-scale ultrasound scans for eight patients with breast masses are shown in Figures 

5.8 and 5.9. Patient information and biopsy results are summarized in Table 5.1. Patients 

1-5 all have solid benign masses based on imaging and biopsy results. Benign imaging 

features, as discussed earlier, included homogeneity of internal echoes, good margination 

of edges and non-attenuation of sound through the nodule. The presence of strong 

posterior echo levels in patients 1-2 and strong anterior echo levels in patient 3 are also 

typical of benign breast disease, although an area of posterior shadowing was observed 

below the right mass in patient 3. Mammography results for patient 3 indicated the 

presence of three nodular densities in the left breast with no suspicious calcifications. 

A limited ultrasound of the upper, outer quadrant of the left breast in the region of 

the nodular opacities (Fig. 5.8(c)) revealed two of the solid masses corresponding to 

the nodules on the mammogram. The largest nodule is indicated by the arrow in Fig. 

5.8(c). Needle aspiration biopsy results for patients 1-2 indicated that they were benign 
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Figure 5.4: Ultrasound from patient C. 

fibrocystic masses, while needle aspirational biopsy results for patient 3 revealed myo-

epithial cells consistent with fibroadenoma. A single 4.2 cm x 3.2 cm x 1.4 cm tissue 

specimen from patient 1 was also submitted for histological examination. Sectioning 

revealed a composition of roughly 80% adipose, with one end of the specimen diffusely 

fibrous and containing a 3.0 mm fluid filled cyst region. The character of the surrounding 

parenchymal tissue in patient 3 was noted to be composed of a mixture of fatty and 

fibroglandular tissue based on mammography data and ultrasound images. 

Needle aspiration biopsy results for patient 4 indicated a benign fibrocystic mass. 

Patient 5 had irregular margination with suggestion of posterior shadowing. No biopsy 

was performed on patient 5; however, this patient was mammographically stable for more 

than 4 years. The breast parenchyma in patient 4 was characterized as being composed of 

nodular, moderately dense fibroglandular tissue, while the parenchymal tissue in patient 5 

was noted to be composed of predominantly fatty tissues with a small amount of residual 

fibroglandular tissue. 

The lesion in patient 6 appeared to have inhomogeneities of internal echoes with some 

suggestion of areas of necrosis. Excisional biopsy results for patient 6 indicated it was a 

metastatic amelanotic melanoma. The lesions in patients 7-8 were irregular marginated 

masses that appeared to drag adjacent parenchyma when palpated. They had posterior 
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Figure 5.5: Mass before palpation. 
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Figure 5.6: Position of mass after palpation pinpointed by correlation search. 
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Figure 5.7: Position of mass and adjacent tissue before and after palpation. 
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(a ) patieut 1 ( b ) patient 2 

(c) patient 3 ( d ) patient 4 

Figure 5.8: Ultrasound images for patients 1-4. 

shadowing, halo and other classic sonographic features of malignancy described earlier. 

Excisional biopsy results for patients 7-8 indicated that they both were invasive ductal 

carcinomas. The breast parenchyma for patient 6 was characterized as being composed 

of predominantly fatty tissues, while patients 7-8 were reported to be composed of mixed 

fatty and fibroglandular tissues. 

5.3.3 Displacement images of breast tumors (3 sample patients) 

Displacement fields consists of a 100 x 100 grid of points or displacement vectors 

centered on the lesion at the start of palpation. Orientation is the same as the diagnostic 

ultrasound images with top to bottom corresponding to depth or axial distance from the 

transducer and left to right corresponding to the direction lateral to the beam axis. All 

palpations were from the left to right direction. 
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Figure 5.9: Ultrasound images for patients 5-8. 

Color images of tissue displacement fields exhibited regions of red then yellow then 

blue when looking across the color map from left to right. This indicates that the 

largest tissue displacement occurred for tissues on the left side of tumors and that small 

displacements occurred in the tissues on the right side of tumors. This is consistent 

with the left to right palpation and the fact that tissues closest to the point of palpation 

contact should translate the most, while tissues farthest away should translate the least. 

Observing the displacement maps from top to bottom a blue-red border was visible 

for the benign mass in patient A (see Fig. 5.10), indicating a slip boundary and sug

gesting shear motion opposite to the direction of palpation. Resolution of the map was 

approximately 0.25 mm per pixel. 
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Figure 5.10: Displacement images for patient A. 

The gradual shading from blue to light blue to red looking at the displacement field 

of patient B (Fig. 5.11), from top to bottom, suggests a drag displacement of tissues 

near the periphery of the lesion with a malignancy rating=2 

The displacement field of patient C (Fig 5.12) indicates a total lack of slip boundary, 

but further shows a very strong dragging of adjacent parenchymal tissues in the direction 

of palpation, which suggests the possible presence of an infiltrative component to the 

mass. 

5.3.4 Displacement images of breast tumors (complete findings) 

Ultrasound computed displacement maps, shown in Fig. 5.13, were generated using a 

field grid spacing of 0.25 mm per pixel. In each case a rectangular kernel with dimensions 

approximately equal to the size of the lesion area was used in the correlation tracking. 

The grid spacing, field sizes and kernel sizes used for all patients are summarized in 

Table 5.2. 

Figures 5.13(a)-(h) are color maps of the tissue displacement field for the correspond

ing masses seen in Figures 5.8 and 5.9, respectively. Each displacement field consists of 
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a 100 x 100 grid of points or displacement vectors centered on the lesion at the start of 

palpation. A 50 x 100 grid was used for patients 4 and 7 because of the smaller available 

field of view in the ultrasound images. The orientation of the color maps is the same 

as used in the diagnostic ultrasound scans with top to bottom corresponding to depth 

or axial distance from the transducer and left to right corresponding to the direction 

lateral to the beam axis. All palpations were from the left to right direction. Based 

on the palpation applied (translational motion of the transducer over breast masses), 

three types of motions were observed and these included: 1) slip motion (shear motion of 

adjacent tissue above mass, opposite to the direction of palpation), 2) slight drag (small 

displacement of adjacent tissue in the direction of palpation) and 3) fixed translation 

(en-bloc displacement of mass and adjacent parenchyma). 

Color maps of tissue displacement fields exhibited regions of red then yellow then blue 

when looking across the color map from left to right. This indicates that the largest tissue 

displacement occurred for tissues on the left side of tumors and that small displacements 

occurred in the tissues on the right side of tumors. This is consistent with the left-to-

right palpation and the fact that tissues closest to the point of palpation contact should 
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Figure 5.12: Displacement image for patient C. 

translate the most, while tissues farthest away should translate the least. In Fig. 5.13(c) 

the presence of the blue band on the left side of the color map represents the left side of 

the image in Fig. 5.13(c). Because the starting position of the mass in Fig. 5.13(c) was 

on the left edge of the image, displacement of tissues to the far left of the lesion could 

not be estimated. 

Table 5.2: Displacement tracking parameters 

Patient # 
1 
2 
3 
4 
5 
6 
7 
8 

Field size (points) 
100 x 100 
100 x 100 
100 x 100 
50 x 100 
100 x 100 
100 x 100 
50 x 100 
100 x 100 

Grid spacing 

0.25 mm 
0.25 mm 
0.25 mm 
0.25 mm 
0.25 mm 
0.25 mm 
0.25 mm 
0.25 mm 

Kernel dimensions 
25.0 mm x 12.5 mm 
10.0 mm x 10.0 mm 
25.0 mm x 12.5 mm 
18.7 mm x 6.3 mm 
15.0 mm x 12.5 mm 
20.0 mm x 15.0 mm 
12.5 mm x 15.0 mm 
10.0 mm x 8.8 mm 
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(f) (g) (h) 
Figure 5.13: Displacement images for patients 1-8. 

In order to obtain a more quantitative measure of tissue motion, the average displace

ment for each patient was computed along the center axial slice of each displacement field. 

The average displacement was computed in two windows. Window A extended from a 

depth of 0 pixels to 25 pixels (6.25 mm) and is representative of tissue motion directly 

above masses. Since the transducer was used to impart a shear force on the tissue di

rectly above masses, motion in this region was of particular interest. Window B extended 

from a depth of 25 pixels to 100 pixels (18.75 mm) and is representative of the displace

ment of masses. The adjacent tissue (perilesional) displacement (window A) and mass 

displacement (window B) for all patients are presented in Table 5.3. 
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Table 5.3: Mean adjacent tissue and mass displacement 

Patient# 
1 
2 
3 
4 
5 
6 
7 
8 

Mass type 
benign 
benign 
benign 
benign 
benign 

malignant 
malignant 
malignant 

Perilesional displacement (pixels) 

28 
13 
34 
25 
10 
44 
53 
14 

Mass displacement (pixels) 
43 
46 
57 
41 
54 
56 
60 
40 

5.4 Clinical Significance 

The limited resolution of ultrasound does not allow imaging of any possibly invasive 

tentacles extending from a tumor site. However, imaging of tissue motion can provide 

important clues in the early detection of invasive tumor growth into surrounding tissues. 

The cystic mass in Fig. 5.2 displayed discontinuous motion between the mass and ad

jacent tissue. Such a feature would be typical of a slip boundary and was present in all 

cases of fibrocystic disease. 

It would be diagnostically useful for a physician to observe the motion of surrounding 

tissue as a lesion is palpated, since many breast cancers, such as scirrhus carcinoma, 

infiltrate into surrounding tissues. Palpation of these cancers results in apparent dragging 

of the adjacent parenchymal tissues. Ultrasound tracking of tissue motion provides a 

strong tool in aiding the physician in observing motion of adjacent parenchymal tissues 

and in reducing errors due to visual errors and artifacts. 

5.5 Observed Motion Responses 

Three basic types of motion were observed (slip, slight drag, fixed translation) and 

were consistent with the physiological growth patterns of masses and histological informa

tion discussed earlier. A red-blue border was visible in all five benign masses indicating 
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discontinuous motion and consistent with a slip boundary. The presence of light blue 

regions in patients 5 and 8 (Fig. 5.13) indicates a slight drag with small displacement 

of adjacent tissue following palpation of the mass. Patients 6-7 (Fig. 5.13) depict fixed 

translational motion, with en bloc motion of adjacent parenchyma as the mass is pal

pated and suggestive of an infiltrative component to the mass. This was consistent with 

histology results which indicated invasive ductal carcinoma and was also compatible with 

margins seen on mammography. 

The quantitative characterizations of the motions observed are consistent with the 

qualitative results seen in previous studies [69, 71, 72]. The present motion analysis 

also better defines such motion and perhaps more importantly may eventually allow 

the remote characterization of lesion boundaries in deeply situated lesions, even with 

relatively small displacements based on the ability of speckle tracking algorithms to track 

relatively fine motions [44]. 

All five benign fibrocystic masses produced motions as might be expected for slip 

boundaries or no particular anchoring to surrounding tissues. Tissue displacement images 

exhibited fixed translational motion for two of the three malignant tumors. 

In the present study, the transducer was used to impart a shear force on the tissue 

directly above masses. We were particularly interested in tracking tissue motion in this 

area in order to investigate the premise that infiltrating malignancies might alter mo

tion responses. Based on our limited patient size, we observed an increased adjacent 

tissue displacement for malignant masses. This difference was particularly noticeable for 

patients 6-7 relative to the benign masses (Table 5.3 ). Although there is considerable 

variability between patients and masses, our results suggest that palpation of malignan

cies can result in dragging or fixed translation of adjacent parenchyma, consistent with 

qualitative expectations. Future studies with increased population sizes will be neces

sary to ultimately determine if there is a statistical trend towards more translation for 

malignancies. A normalized index such as relative adjacent tissue motion per mean mass 

displacement may also be useful since this would roughly quantitate the percent drag of 

masses and adjacent parenchyma. 
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5.6 Resolution Versus Accuracy Tradeoff 

For color maps of tissue displacement, selecting small kernel dimensions provides more 

localized motion information. However, the accuracy of correlation tracking is generally 

inversely proportional to the kernel size [42]. Thus resolution or localization of motion 

information is traded off against accuracy of results as kernel dimensions are adjusted. 

(a) (b) 

Figure 5.14: Effect of kernel size on displacement images. 

Figure 5.14 illustrates the effect of two different kernel sizes on the displacement 

images, for patient #5 . Kernel sizes of 4.0 cm x 2.0 cm and 2.0 cm x 2.0 cm were used. 

By keeping the grid spacing constant (distance between the center of kernels) increasing 

the kernel dimensions apparently has the effect of smearing the displacement field. This 

is apparent in Fig. 5.14 where the lateral kernel dimensions have been doubled, but 

where the axial dimensions were not changed. Notice that the axial dimension of the 

displacement fields is not significantly different for the two kernel sizes. The smearing 

effect using large kernel dimensions results from an increasing amount of overlap for a 

fixed grid spacing. 

The grid spacing can be made arbitrarily small by simply increasing the total number 

of grid points (and reducing the distance between grid points). The grid spacing is 

ultimately limited only by the pixel resolution of the digitized ultrasound images (0.25 

mm per pixel). A small grid spacing will provide a higher spatial resolution in maps 
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of tissue displacement and velocity. However, the resulting increase in grid points will 

require additional computations. 

The preliminary results in this chapter are intended as a demonstration of the tissue 

displacement imaging technique. Displacement fields from breast tumors are used to 

demonstrate a potentially useful application of the method. It must be stressed that 

there are many biological and physical factors which can influence the connective tissue 

motion response to palpation. The structure of the parenchymal tissue surrounding the 

breast mass can alter the degree of motion response. In addition, the motion response 

from a stellate mass in a 40-year-old pre-menopausal patient can be expected to be 

different than the motion response of the same mass in a 75-year-old patient. 

The position of the patient during examination and location of the mass within the 

breast are also important and can influence the motion response to palpation. For ex

ample, a thin mass located in a lateral plane or in the lateral aspect of the breast may 

require a patient to be rotated on her hip in order to obtain a reasonable image of the 

mass. If the patient is not rotated, then the motion response of the perilesional tissue 

can be expected to be different for palpations along different aspects of the mass. 

Finally, the motion response of tissue to palpation may also be influenced by the 

character of the tissue adjacent to the mass, whether the mass is situated in a bed of 

soft fatty tissue or in an area of dense glandular tissue and the fatty constituency of 

the breast. For example, for the case of a hard inclusion imbedded in an area of fatty 

tissue, the inclusion can be expected to deform less than the surrounding tissues as 

the tissue is compressed. Similarly, for the case of a soft tissue inclusion embedded in 

dense glandular tissue, the opposite will be true and the inclusion will absorb most of 

the deformation. The motion response to palpation will therefore also depend on the 

character of the surrounding parenchymal tissues (whether they are soft or stiff) and the 

relative difference between the tumor and tissue elastic moduli. In our motion studies 

we observed that larger displacements seemed to occur in patients with predominantly 

fatty breast parenchyma (patients 5-6), with smaller overall displacements observed in 
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breast parencyhma containing predominantly glandular tissue or a mixture of fatty and 

glandular tissues (patients 1-4). 

5.7 Limitations and Problems 

There is clearly a natural variability of motion responses from patient to patient due 

to tissue constituencies, tumor size, shape and depth in three dimensions, the imprecise 

manual palpations applied by different radiologists and out-of-plane tissue motion. A 

more exhaustive study would have to take these differences into account to determine if 

these are indeed important variables. The results presented here represent a first step 

towards representing motion information in a more objective manner. The next step 

might be to attempt a normalization for major biophysical factors such as separation 

between driving surfaces on the skin, distance moved, size and distance of masses from 

surface and basic tissue type surrounding masses. Whether standardization of the applied 

motion will be more effective than application of a maximum comfortable local stress and 

compensation with normalization remains to be seen. 

Recent research has focused on the development of quantitative methods for apply

ing more precise or known palpations for tumor elasticity measurement. Cespedes et al. 

(1993), in particular, have experimented with applying a known fixed and uniform com

pression to the breast using modified mammography equipment and others have designed 

a technique for interactively determining a good, high stress to be applied quantitatively 

[73, 74, 75]. In addition, new techniques developed for three-dimensional motion track

ing and strain imaging will help reduce problems in tracking and analyzing complex 

deformations and out-of-plane motions [3, 44, 76]. 

A new area of research in ultrasound is elasticity imaging. The basic idea in elasticity 

imaging is similar to displacement imaging. However, instead of tracking the motion 

of small regions of tissue, the concept is to track dimensional changes in small areas 

or volumes of tissue as the tissue is compressed. The premise is that this can provide 

information about tissue mechanical properties. To measure area or volume changes in 

small rectangular regions of tissue, speckle tracking and Fourier techniques have been 



applied to measure tissue displacement fields [3, 4]. Tissue displacement imaging thus 

also represents a necessary step in the elasticity imaging process. 

5.8 Concluding Remarks 

It would be diagnostically useful for a physician to observe the motion of surrounding 

tissues as a lesion is palpated, since many breast cancers, such as scirrhus carcinoma, 

infiltrate into surrounding tissues. Palpation of these cancers results in apparent dragging 

of the adjacent parenchymal tissues. Ultrasound tracking of tissue motion would provide a 

strong tool in aiding the physician in observing motion of adjacent parenchymal tissues, 

and in reducing errors due to visual errors and artifacts. The limited resolution of 

ultrasound does not allow imaging of any possible invasive tentacles extending from 

the tumor site. However, imaging of tissue motion can provide important clues in the 

early detection of invasive tumor growth into surrounding tissues. Tissue displacement 

images indicated a dragging of perilesional tissue by the tumor for 3 of 3 malignant 

tumors. Tissue displacement images further showed the presence of slip boundaries and 

no dragging of parenchymal tissues in 4 out of 5 benign masses. 

Our preliminary results suggest that tissues near the periphery of malignant breast 

lesions undergo a dragging motion, suggesting that they are being pulled in the direction 

of motion when the tumor is palpated. This is consistent with the notion that many 

malignant tumors grow in an infiltrative manner. Perilesional tissues in benign breast 

tumors displayed a shear motion opposite to the direction of palpation, suggesting a slip 

boundary and the absence of stellate roots. Tissue displacement images of an invasive 

ductal carcinoma showed fixed translational motion of the surrounding parenchyma when 

the tumor was palpated, consistent with histological data and known physiological pat

terns of growth. Tissue displacement maps of benign fibrocystic masses exhibited slip 

motion that was present in all cases of fibrocystic disease. 

Our present work is essentially based on the following facts and assumptions: 
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• The presence of a stellate or star-shaped mass is one of the most distinct mammo

graphic features of a breast malignancy. 

• Stellate neoplasms alter tissue motion responses to palpation compared to non-

invaded tissues. 

• Ultrasound provides a means for accurate real-time imaging of local tissue displace

ments. 

• Altered tumor and connective tissue responses can be quantified and potentially 

used for early detection and classification of breast cancers. 
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CHAPTER 6 

TISSUE ELASTICITY MEASUREMENTS 

Ultrasound elasticity imaging is a promising method that may eventually allow early 

detection of many tissue pathologies. However, before elasticity imaging can be applied 

to its numerous potential clinical applications, the quantitative accuracy of tissue elas

ticity measurements must be established. Simple one-dimensional ultrasound elasticity 

measurements were performed on muscle and liver and compared with independent and 

established mechanical measurements to investigate both the accuracy and consistency 

of ultrasound elasticity measurements. In addition, some interesting properties of soft 

tissue and aspects of the measurement process, which should be considered in elasticity 

measurements, are discussed. The work in this chapter provides a benchmark comparison 

between ultrasound and Instron elasticity measurements. 

6.1 Background 

The goal of this chapter is threefold: 1) to establish the accuracy of ultrasound 

elasticity measurements under simple test conditions, 2) to provide elasticity values for 

two important tissues (muscle and liver), and 3) to investigate several interesting aspects 

of the measurement process that should be considered in elasticity measurements. Tissue 

elasticity imaging has direct relevance in the early detection of breast and prostate cancers 

and liver cirrhosis; diseases which are believed to significantly alter tissue elasticity. 

Previous measurements of tissue elastic properties are limited and have spanned a 

wide range of values. Elasticity measurements have been reported for tendon, heart, skin 

and cartilage; however, quantitative values for muscle, liver and fat are still lacking [59, 

60]. To test both the accuracy and consistency of ultrasound measurements, Young's 

modulus (YM) values for muscle and liver are compared with independent mechanical 

measurements made using the Instron load cell device. The results of this study have 

two major implications. First, they contribute to the limited quantitative data currently 
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available about muscle and liver elastic properties. Second, by comparing ultrasound 

elasticity measurements with established mechanical measurements, we have a basis for 

determining the quantitative accuracy of ultrasound elasticity values. 

6.2 Methods 

Six bovine muscle and three bovine liver samples were were obtained from the Meat 

Sciences Laboratory, Department of Animal Sciences at the University of Illinois. Mus

cle samples were excised from the beef longissumus dorsi (LD) muscle of a USDA select 

grade animal and were approximately 4 cm x 4 cm in length and width, with thicknesses 

ranging from 1-2 cm. Tissue samples were packed in ice and transported to the Bioacous-

tics Laboratory for experiments within 48 hr of death. Muscle samples had an angled 

fiber orientation leaving fibers neither parallel nor perpendicular to the sides. Three fat 

samples were also obtained following the procedures described above. 

Three samples of ultrasound tissue mimicking gel standoff material and two types 

of sponges were also used in test measurements. Gel standoff samples were made of 

poly-vinyl-chloride (PVC) shor value #4, and were sliced into rectangles with surface 

dimensions and sample thicknesses ranging from 2-4 cm. Sample A was cut into a rect

angular block with dimensions of 2.0 cm x 2.0 cm x 2.5 cm. Sample B was cut into a 

rectangular block with dimensions of 2.5 cm x 3.5 cm x 2.5 cm. Sample B2 was cut 

into a rectangular block with dimensions of 2.5 cm x 2.5 cm x 3.5 cm. Sponge samples 

consisted of square sections of cellulose and urethane sponge. Sponge samples were sliced 

into approximately 2.5 cm squares with thicknesses ranging from 3.5 cm to 6.0 cm. 

6.2.1 Ultrasound measurements 

Ultrasonic elasticity measurements were made using a single transducer setup. Sam

ples were placed on the pad of a Taconic Farms model YG-700 rat scale. A 2.5 MHz 

circular, unfocused Panametrics transducer with 3.18 cm diameter was attached to the 

63 



robotic arm of a Daedal motorized positioning system and aligned to perform uniaxial 

compressions. The system is computer controlled and has five degrees of freedom. The 

transducer was positioned to be in light contact with the sample. Precise axial compres

sions were made in 0.5 mm increments until a total deformation of approximately 5% 

was reached. After each incremental compression, a 1025 point A-line was digitized at 

50 MHz using a model 11401 Tektronix digitizing oscilloscope. Scale readings were used 

to compute the equivalent applied stress after each incremental compression. 

Figure 6.1: Instron load cell device. 

Data were then transferred to a Sun Sparc2 workstation. Incremental tissue strains 

were computed from time-of-flight (TOF) measurements of an ultrasonic pulse using 

Equation (6.1), where tt represents the roundtrip TOF of the pulse after the ith com

pression. 

Scale readings were used to compute the equivalent applied stress after each incremental 

compression. By measuring the strain for several different applied stresses, the stress-

strain behavior of samples was characterized and the YM was estimated from the slope 

of the curve in the linear region of sample stress-strain curves. YM values of samples 

were calculated from the initial linear region (up to 5% strain for tissue samples and 10% 
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strain for PVC) of the curves using a least squares fit. YM values were calculated from a 

larger strain range for the PVC samples since they exhibited a larger linear elastic region. 

All measurements were made at room temperature (22°C) after Aquasonic coupling gel 

was applied to lubricate contact between the transducer punch and muscle samples. 

Figure 6.2: Axial punch compression test. 

6.2.2 Instron load cell measurements 

Precise load-deflection measurements were made using an Instron Universal Testing 

Instrument, model 1122 (Figures 6.1 and 6.2). Axial compressions were made using a 

circular 5.7 cm diameter aluminum punch crosshead with crosshead velocity set to 5 

cm/min, chart speed set to 500 cm/min and full scale deflection on the chart set to 1 kg. 

The Instron crosshead was set to reverse direction when the punch reached a deforma

tion equivalent to approximately 10% of the sample thickness. The surface dimensions 

of all samples allowed the samples to fit completely under the Instron aluminum punch 

crosshead which had a 5.7 cm diameter. This enabled a uniform stress to be applied 

and reduced the possibility of stress non-uniformities at sample edges. Instron punch 

and sample surfaces were lightly lubricated to prevent bonding between the sample and 

punch. All measurements were made at room temperature (22°C). 
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Figure 6.3: Instron muscle sample stress-strain curve. 
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Figure 6.4: Instron liver sample stress-strain curve. 

Typical force-deformation curves obtained from bovine LD muscle and liver and PVC 

sample A with the Instron load cell device are shown in Figures 6.3. - 6.5. The raw data 

produced by the Instron load cell is a plot of load (kg) versus deformation (mm). The axes 

in Fig. 6.3. have been normalized to represent stress (Pa) versus strain (dimensionless). 

The stress-strain curve obtained from ultrasound measurements of the same muscle, 

liver and PVC samples are shown in Figures 6.6. - 6.8. 
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Figure 6.5: Instron PVC sample stress-strain curve. 
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Figure 6.6: Ultrasound muscle sample stress-strain curve. 

6.3 Tissue Stress-Strain Curves 

The exponential shape of the stress-strain curve in Fig. 6.3 is characteristic of many 

materials including soft tissues [60]. An initial linear elastic region of the stress-strain 

curve was observed for tissue strains up to 5%, although a linear region up to about 

3% tissue strain was observed for most other samples. The Young's modulus estimated 

from the initial linear region of this curve was approximately 2.9 kPa. For tissue strains 

exceeding 10% the deformation enters the non-linear elastic region of the stress-strain 

curve. As the load is increased, the exponential stress-strain behavior suggests a strain 
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Figure 6.7: Ultrasound liver sample stress-strain curve. 
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Figure 6.8: Ultrasound PVC sample stress-strain curve. 

hardening effect. This strain hardening has also been observed in elasticity measurements 

of anterior cruciate ligaments, the aorta, psoas major tendon and pericardium [59, 60]. 

If the sample is compressed further, we will eventually pass the elastic limit of the 

sample (largest applied stress for which the material will behave elastically) and enter 

the plastic region of the curve. At this point, the compression on the sample by the load 

results in permanent plastic deformation of the sample. Even after the load is removed, 

the sample will not return to its original shape. 
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Table 6.1: Elasticity values 

Sample Type 

muscle 
muscle 
muscle 

liver 
liver 
liver 
PVC 
PVC 
PVC 

Sample # 

LD-122I 
LD-122J 
LD-122K 

125A 
126A 
117A 

A 
B 
B2 

Strain Range 
forYM 

1-5% 
1-5% 
1-5% 
1-5% 
1-5% 
1-5% 
1-10% 
1-10% 
1-10% 

Ultrasound 
YM (kPa) 

3.15 
1.74 
1.46 
0.35 
0.79 
0.72 
30.9 
30.7 
40.1 

K> 

0.981 
0.995 
0.984 
0.988 
0.993 
0.949 
0.957 
0.932 
0.988 

Instron 
YM (kPa) 

1.8 
1.6 
1.2 

0.43 
0.72 
1.68 
33.7 
32.3 
53.9 

& 

0.986 
0.985 
0.994 
0.77 

0.847 
0.927 
0.998 
0.973 
0.990 

Relative 
Error 

75% 
9% 
22% 
19% 
10% 
57% 
9% 
5% 
34% 

6.4 Benchmark Comparison 

The YM values for all samples measured are shown in Table 6.1. All YM values are 

unconstrained values. The average ultrasound and Instron YM of muscle samples were 

2.12 ± 0.91 kPa and 1.53 ± 0.31 kPa, respectively, with an average relative error of 35%. 

The average ultrasound and Instron YM of liver samples were 0.62 ± 0.24 kPa and 0.94 ± 

0.65 kPa with an average relative error of 29%. The average ultrasound and Instron YM 

of PVC samples was 33.77 ± 5.49 kPa and 39.97 ± 12.09 kPa with an average relative 

error of 16%. 

Relative errors in YM measurements were typically on the order of 50% (Table 6.1). 

However, it should be remembered that differences in the YM of different tissues can 

span an extremely large dynamic range of elasticities [32, 59], so even with a 50% error, 

differential diagnosis based on elasticity imaging may still be useful. In addition, YM 

measurements of muscle, liver and PVC showed agreement between the two methods 

as to which samples were the hardest (PVC) and softest (liver). Ultrasound elasticity 

measurements thus appear to provide reasonable consistency (high R2 values indicating 

consistent YM estimates at different strain levels and ability to differentiate materials 

with 1 order of magnitude difference in YM, i.e., tissue and PVC), using Instron mea-

69 



surements as a reference. Non-linear behavior of tissue samples probably contributes 

to differences in YM values. For example, PVC samples exhibited much larger linear 

elastic regions, and relative errors for these samples were significantly lower (Table 6.1). 

Differences in measured YM values may also simply indicate a systematic difference or 

systematic experimental error between the two methods. For example, the Instron device 

exhibited poor sensitivity and resolution in measuring the lower stresses and strains of 

the tissue samples. In addition, it was difficult to exactly reproduce initial conditions 

(initial deformation or strain on samples at contact, etc.,) for both sets of measurements. 

6.5 Correction Factor with Constrained Y M 

0 0.1 0.2 0.3 0.4 
poisson ratio 

0.1 0.2 0.3 0.4 
poisson ratio 

(a) (b) 

Figure 6.9: Ratio of YM to constrained YM for different values of v. 

In elasticity measurements, it is important that samples remain unconfined or uncon

strained laterally as they are compressed axially. If samples are constrained laterally then 

the constrained YM (%) will be larger than the unconstrained YM (Y0). The constrained 

YM Yb, is related to the unconstrained YM Y0 according to the equation 

Yb 
1 -

2i/2 

l-v (6.2) 

where v represents the Poisson ratio of the material. C, therefore, represents a correction 

factor between the constrained and unconstrained cases. The ratio of Y0 to Yb is plotted 

in Fig. 6.9 for various values of v. In vivo elasticity measurements will more closely 
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resemble those for the constrained case. For compression made with a small compressor, 

the situation can be modeled as in the uniform compression case with the tissue below 

the compressor surface being constrained by the surrounding tissue. In other words, the 

small compressor case can be modeled as a uniform (large compressor size) compression 

case with the sample confined. In this case the tissue directly under the small compressor 

is confined by the surrounding tissue. Therefore a numerical analysis should be performed 

in these cases (Equation. (6.2)) to account for the small compressor size and constraining 

effect based on the transducer geometry and size [77]. 

6.6 Precondit ioning 

It is also important to consider the effect of preconditioning on tissue elasticity mea

surements. When cyclic loading/unloading tests are performed on soft tissues (ligament 

and tendon) hysteresis of tissue stress-strain curves can occur [59]. We have also observed 

this effect in muscle and liver tissue (Figure 6.10) [78]. 

0 0 05 01 0 15 0.2 0 25 0 3 0 35 0 4 0 45 

strain 

Figure 6.10: Hysteresis effect in compression test of muscle sample. 

The YM measurements performed on unconditioned tissue may be indicative of the 

tissue pseudo-elastic properties and subject to large uncertainties since they are repre

sentative of tissue elastic properties during a particular loading cycle. Our initial studies 

indicate that by subjecting muscle and liver tissue to a specified pre-conditioning cycle 
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(cyclic loading and unloading), the hysteresis effect can be reduced [78]. It may thus be 

necessary to first pre-condition tissue in practical elasticity measurement situations. 

6.7 Strain Levels 

We have observed that YM values computed by averaging measurements from multi

ple strain levels seem to significantly reduce uncertainties in YM values. Since the present 

ultrasound measurements are a simple case of elastography [4], where the Young's mod

ulus is estimated from a single point on the stress-strain curve, it may be useful to 

perform elastography type measurements using multiple compression levels, taking care 

to maintain strains within the linear elastic region of tissue samples. 

It is clear that the strain level applied in elasticity measurements is very important. 

Because of the strain hardening effect observed for soft tissues, strains outside the linear 

elastic region will not provide information about true tissue material properties. YM 

values for large strains will tend to be positively biased and largely stress dependent. 

Previous studies have shown that large strains may be required in order to achieve a 

reasonable strain SNR [32]. In addition, clinical application of elasticity imaging and 

palpation will likely involve high strains. It should be understood that high strain elas

ticity measurements will provide information only about tissue pseudo-elastic properties 

(elasticity of tissue at a specific stress or strain level). 

6.8 Effect of Sample Dimensions and Sample Thickness 

A careful study of the effect of sample dimensions on sample stress-strain curves is 

important in understanding how tissue elasticity measurements can be affected by tissue 

sample dimensions as well as tissue material properties. 

Figure 6.11 shows the stress-strain response of the three PVC gel standoff samples 

measured using the Instron and ultrasound techniques. 

All three curves exhibited an exponential stress-strain relationship characteristic of 

many soft tissues. All samples were made of the same PVC standoff material, with square 
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Figure 6.11: Effect of sample dimensions. 

2.0 cm x 2.0 cm identical surface dimensions. To study the effect of sample thickness 

(height) on stress-strain responses, standoff A was cut with a thickness of 2.5 cm while 

standoff B2 had a thickness of approximately 3.5 cm. To study the effect of sample 

surface dimensions, a third sample, standoff B, was cut with 2.0 cm x 3.5 cm surface 

dimensions and with a thickness of 2.0 cm. The surface dimensions of all samples allowed 

the samples to fit completely under the Instron aluminum punch crosshead which had a 

5.7 cm diameter. This enabled a uniform stress to be applied and reduced the possibility 

of stress non-uniformities at sample edges. Instron punch and sample surfaces were lightly 

lubricated to prevent bonding between the sample and punch. 

The stress-strain response of all samples was very similar for low strains (1%-10%) 

for both Instron and ultrasound curves. This supports the hypothesis that stress-strain 

response should be independent of sample thickness and sample surface dimensions for the 

case of uniform compressions, since the strain parameter normalizes sample deformation 

with respect to the initial thickness of the sample as observed in Equation. (6.1). In 

uniaxial compression tests of gelatin gels, similar results were observed [79]. 

6.9 Concluding Remarks 

Changes in tissue elasticity are often correlated to the onset of pathology or disease. 

The capability to image differences in tissue elasticity provides extremely useful clinical 

information that is currently not attainable by other imaging modalities. Ultrasound 

provides a potentially potent method for non-invasive and relatively inexpensive mea-
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surement of tissue elastic properties. It is important to consider the effects of sample 

dimensions, strain level, and preconditioning in order to obtain unbiased measurements 

of true tissue material properties. 
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CHAPTER 7 

EXAMPLES OF ELASTICITY IMAGING 

In this chapter, several examples of strain and elasticity images are provided from 

ultrasound data from tissue phantoms, Achilles' tendon and breast tumors from human 

breast cancer patients. 

7.1 Background 

Changes in tissue pathology are often strongly correlated to the onset of tissue pathol

ogy or disease. Tissue elasticity imaging has direct relevance in the early detection of 

breast and prostate cancers and liver cirrhosis, diseases which are believed to significantly 

alter tissue elasticity. Some cancers, such as scirrhus carcinoma of the breast, for exam

ple, appear as stone hard nodules, while many benign fluid-filled cysts can be softer than 

the surrounding tissue. Atheroschlerosis and other vascular diseases are characterized by 

the accumulation of plaque in the arteries. Plaque buildup can lead to dramatic changes 

in the elastic properties of arterial walls, and development of elasticity imaging tech

niques on a microscopic scale could allow for monitoring and early detection of vascular 

diseases. 

Elasticity imaging consists of three basic steps: 1) measurement of tissue motion, 

2) computation of internal strains, and 3) reconstruction of elasticity distributions. An 

elasticity image is generated by acquiring high-frequency ultrasound images of tissue 

before and after the tissue has been subjected to a small compression (in clinical practice 

the deformation may be delivered by an ultrasound probe device similar to angioplasty). 

By tracking speckle motion (step 1), and the relative change in area or volume of different 

regions of tissue (step 2), information about tissue mechanical properties can be obtained 

(step 3). Other potential applications include early detection of cardiac dysfunction 

by monitoring changes in cardiac contractility [80], monitoring of therapeutic processes 
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which can alter tissue elasticity such as cryotherapy [81], coronary artery diagnosis [82], 

and early detection of carcinomas of the breast, testes, thyroid and prostate [2, 3, 10]. 

7.2 Wire P h a n t o m Test 

The purpose of this experiment was to measure the displacement field in a homoge

neous gel phantom, as the phantom was compressed by a small circular compressor under 

controlled test conditions. The experimental results are then compared to theoretical pre

dictions. This scenario has direct relevance to ultrasound tissue displacement imaging of 

breast tumors (Chapter 5), where compressions may be made by a small rectangular or 

circular transducer. 

7.2.1 Methods 

A cylindrical tissue mimicking phantom was made using PVC, shor value # 4 (previ

ously described, Chapter 6). 

Figure 7.1: Wire phantom. 

The phantom was 8.8 cm in height and had a 10.1 cm diameter. Twelve kevlar thread 

0.008 inch diameter wires were set in the phantom in three columns with four wires per 
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column. The vertical spacing between wires was 0.5 cm for the two outer columns and 

1.0 cm for the center column (Fig. 7.1). 

Figure 7.2: Ultrasound image of wire phantom. 

Ultrasound images were acquired using a 5.0 MHz, Pie Medical 480 Linear Array 

Transducer (Fig. 7.2). The array was used to obtain sagittal scans of the phantom as 

the phantom was compressed by the 5.7 cm diameter aluminum punch of an Instron load 

cell (Fig. 7.3). 

The phantom was compressed to a maximum strain of 10% of its original height. 

Digitized ultrasound images were acquired before and after compression using a TARGA 

frame grabber system. Ultrasound images covered a total field depth of approximately 

9.0 cm, with focal depth set to 5.0 cm, the approximate position of the center column of 

wire targets. 

Images were ported to a SUN Sparc20 workstation for processing using the previously 

described correlation tracking programs (Chapter 2). 
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Figure 7.3: Geometry of test measurements. 

7.2.2 Results 

Results for this experiment are shown in four figures. Figure 7.4 shows the displace

ment field of the wire phantom computed using a one-dimensional correlation search. 

The displacement field covers a field of view 7.5 cm x 7.5 cm centered on the center 

column of wire targets and shows the vertical component of displacement. 

For a homogeneous phantom (uniform elasticity) undergoing uniform compression, the 

magnitude of displacement should decrease linearly with depth. For uniform compression, 

the following boundary condition should be satisfied: 

surface area of compressor > surface area of phantom (7.1) 

For the homogeneous wire phantom undergoing compression from a small circular com

pressor, the magnitude of displacement should decrease approximately exponentially ac

cording to the equation 

*W = "W * (i + J)i.s_i (7-2) 
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Figure 7.4: Displacement field for wire phantom. 

where a represents the radius of the compressor and z represents the depth from the 

surface of the phantom. The derivation for this equation can be found in the mechanics 

literature [83] along with equations for rectangular and other compressor shapes. A brief 

derivation of Equation (7.2) is given in [84], which follows closely the derivation of [83]. 

In Fig. 7.4, displacement in the phantom decreases with depth from the surface as 

expected. There are noticeable artifacts along two columns at horizontal positions of 40 

and 100 in the image. These artifacts correspond to spatial positions in the phantom 

where no wire targets were present. Figure 7.4 was computed using a 150 x 150 grid of 

points with a 0.25 mm spacing between grid points, a 7.5 mm x 7.5 mm kernel size and 

a 1.0 cm search region. 

Figure 7.5 provides a comparison between the experimental and theoretical displace

ments versus depth (following Equation (7.2)) in the wire phantom, along the center 

column of wire targets. The straight line represents theoretical displacement for uniform 

compression and the curved line is the theoretical curve for the circular compressor used 

in this study. The experimental data are relatively noisy (SNR=2.7). The signal to noise 

ratio (SNR) was computed by taking the mean signal level, divided by the standard 
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Figure 7.5: Comparison. 

deviation following the convention of [3]. Possible sources of error include slippage be

tween the compressing punch and the phantom, curvature of the phantom surface, which 

was assumed to be completely fiat and the fact that a relatively high strain (10%) was 

used. The wire phantom was observed to have a 1.0 cm dip at the surface, which was 

due to cooling effects during the synthesis of the phantom. This may also explain why 

the experimental displacements are lower than expected near the surface of the phantom 

(0-6 mm). 

Figure 7.6 shows a side-by-side comparison of the displacement field in the wire phan

tom and the maximum correlation coefficient found in computing the displacement at 

each point in the phantom. These results clearly show the low correlation values at hor

izontal positions of 40 and 100 where no wire targets were present. Correlation values 

were between 0.05-0.15 in these regions and between 0.90-0.99 in areas with wire targets. 

The low correlation values indicate unreliable displacement tracking in these regions and 

confirm the presence of artifacts in these regions in the displacement image. 

Figure 7.7 shows the two-dimensional displacement vector field in the wire phantom 

computed using a more computationally intensive 2-D correlation search. The field indi-
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Figure 7.6: Wire phantom displacement field and correlation map. 

cates some lateral slippage or movement of the phantom on the right side of the phantom 

which would occur if the centers of the wire phantom and compressing punch were not 

perfectly aligned. The vector field consisted of a 30 x 30 grid of points with a 1.25 mm 

spacing between grid points, a 7.5 mm x 7.5 mm kernel size and a 1.0 cm x 0.5 cm 

search region. A smaller number of grid points and larger grid spacing were used due to 

the increase in computation time required for a 2-D correlation search. The computation 

time for the 2-D correlation search was approximately 20 times longer than for the 1-D 

search (approximately 4 hr for the 1-D search on a Sparc2 and 80 hr for the 2-D search). 

The successful implementation of a digital hardware correlator for high speed tracking 

has been investigated in previous works [38]. 

7.3 Achilles' Tendon 

The purpose of this experiment was to produce an in vivo strain image of the Achilles* 

tendon before and after compression and passive stretching. Data are collected from two 

scan orientations (sagittal and transverse), and the strain images of the Achilles' tendon 

are compared with conventional ultrasound images. 
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Figure 7.7: Wire phantom 2-D displacement field. 

Figure 7.8 shows a textbook drawing of muscle tendon and bone. The tendon is a 

tough cord or band of dense white fibrous connective tissue that unites a muscle with 

other structures such as the bone. 

Figure 7.9 shows the location of the human Achilles' tendon and tibular bone and is 

also used to describe the orientation of the scans. For transverse scans, the ultrasound 

imaging plane is perpendicular to the ankle. For sagittal scans, the imaging plane is 

parallel to the ankle. Figures 7.8 and 7.9 are adapted from [54] and [85], respectively. 

7.3.1 Methods 

Sagittal and transverse ultrasound scans of the Achilles' tendon were acquired from a 

patient volunteer at the Department of Radiology, University of Michigan Hospital, using 

a 5.0 MHz ultrasound scanner (Siemens Quantum QAD1). Images were binary format 

envelope detected data, 201 X 433 pixels with a 0.266 mm X 0.266 mm pixel size. 

For the transverse configuration, images were acquired before and after compressions 

were applied by the QAD transducer. Data were acquired with the tissue going from the 

compressed to uncompressed state. For the sagittal configuration, images were acquired 
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Figure 7.8: Textbook drawing of muscle and tendon (Varder 1988). 

with the patient's tendon in the rest state and in a stretched state. The tendon was 

stretched by having the patient stand and extend their ankle and heel. 

7.3.2 Resul ts 

The results of this experiment consist of conventional ultrasound images and strain 

images of the Achilles' tendon of a volunteer patient. Both sets of images show two views 

of the Achilles' tendon, a sagittal view where the Achilles' tendon is in the imaging plane, 

and a transverse view with the Achilles' tendon perpendicular to the imaging plane (Fig. 

7.10). The transverse scan is used to illustrate some of the limits of the elasticity imaging 

method in its present state. 
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Figure 7.9: Textbook drawing of Achilles' tendon (Stedman 1990). 

Figure 7.10(a) is a transverse ultrasound scan of the Achilles' tendon while Fig. 

7.10(b) is a corresponding strain image of the same view. The strain image covers a 

total field of view of 5.0 cm x 10.0 cm. The total dynamic range of the strain image is 

from 0 to 38.7% strain. The strain image was produced in two steps: 

1. First the displacement field for the Achilles' images was computed using a one-

dimensional correlation search. 

2, Second, the strain field was computed by taking the derivative of the displace

ment field. The derivatives were approximated by taking finite differences of the 

displacement field. 

In Fig. 7.10(a) there is a thin layer of fat below the skin surface, visible near the 

top of the image. The bright circular shaped echo midway down and on the left side 

of the image corresponds to the tibular bone. The Achilles' tendon is weakly visible on 

the left side of the ultrasound as a circular echo below the skin surface and above the 

bone echo. In Fig. 7.10(b) the tibular bone is visible as a dark area showing little to no 

strain. However, the tendon area is not visible on the strain image. This shows some of 

the sensitivity and limits in strain imaging. The technique is able to detect differences 
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Figure 7.10: Transverse ultrasound and strain images of Achilles' tendon. 

between muscle and bone; however, it is not currently sensitive enough to separate muscle 

and tendon. 

Figure 7.11 shows a sagittal ultrasound scan of the Achilles' tendon and a correspond

ing strain image of the same view. There is a layer of fat below the skin surface, visible 

near the top of the ultrasound image. The Achilles' tendon in its stretched state is visible 

on the ultrasound as a horizontal strip below the skin surface and above the bone echo. 

The tibular bone appears as a slanted horizontal reflector appearing midway down the 

image. Both the Achilles' tendon and tibular bone are shown on the strain image as dark 

bands corresponding to low strain regions. The strain image confirms the hypothesis 

that the tendon has a higher elasticity or stiffness in its stretched state relative to its 

rest state. These data provide some good examples of the sensitivity and limits of strain 

imaging. 

The high resolution strain image consists of a 69 x 199 grid of points with a 1.25 mm 

spacing between grid points, a 0.25 mm x 12.5 mm 1-D kernel and a 12.5 mm search 

region. 
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Figure 7.11: Sagittal ultrasound and strain images of Achilles' tendon. 

7.4 Tumor Compression Image 

The goal of this experiment was to produce an in vivo strain image of a soft tissue 

breast tumor. Ultrasound images of the tumor are collected before and after a com

pression is applied. The strain image is compared with the pre-compression ultrasound 

image. 

7.4.1 Method 

Digitized ultrasound images of a breast mass before and after compression were ap

plied and acquired using a 7.5 MHz linear array transducer (Acoustic Imaging, Phoenix, 

Arizona) from a volunteer patient. The transducer was used to perform the compressions 

with the patient supine and the breast stationary. These data were obtained from the 

department of radiology at the University of Michigan hospital following the protocols 

described in Chapter 5. 
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7.4.2 Results 

The results of this experiment consist of conventional ultrasound B-scan images and 

displacement images of the breast mass. 

Figure 7.12: Ultrasound image of breast tumor. 

Figure 7.12 shows a standard ultrasound B-scan image of the mass. The mass has 

dimensions of approximately 2.75 cm x 1.75 cm based on the ultrasound image. 

Figure 7.13 shows a displacement image of the same mass. The displacement image 

covers a total field of view of 6.25 cm x 3.75 cm. Displacements values in Fig. 7.13 span 

a dynamic range from 0.0 mm to 5.0 mm. The displacement image consists of a 25 x 

15 grid of points with a 2.5 mm spacing between grid points, a 1.25 cm x 1.8 cm kernel 

size and a 5.0 mm search region. The mass location extends from depth positions 8 to 9 

and lateral positions 10-12 in Fig. 7.14 based on its position in the ultrasound image. 

Figure 7.14 is a plot of the axial displacement along the center of the displacement 

image. The mass location would ideally be located at a depth of 8 in Fig. 7.14 based 

on its position in the ultrasound image. Figure 7.14 can be divided into three regions: 

depths 3-8, 8-11 and 11-14. The strain in regions I & III (depths 3-8 and 11-14) can 

be estimated by taking the derivative of the displacement and are seen by their slopes 

in Fig. 7.14 to be non-zero. The strain in regions II (depth 8-11) is apparently zero 
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Figure 7.13: Displacement image of breast tumor. 

which would be consistent with an incompressible cyst with high stiffness relative to the 

surrounding breast tissue. 

Table 7.1 shows the axial strain computed from slopes the displacement for the dif

ferent regions in Fig. 7.14. The strain was calculated in two steps: 

1. First the displacement field (Fig. 7.14) was computed using a one-dimensional 

correlation search. 

2. Second, the strain field was computed by taking the derivative of the displace

ment field. The derivatives were approximated by taking finite differences of the 

displacement field. 

A simple linear interpolation was used to compute the best fit slopes in each of the three 

regions. 
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Figure 7.14: Axial displacement plot of breast tumor. 

Table 7.1: Axial strain at three depths 

Region # 
1 
2 
3 

Relative strain 
2.2 
0.0 
2.7 

7.5 Inclusion Phan tom 

The purpose of this experiment was to produce an elasticity image of a homogeneous 

gel phantom containing a hard circular inclusion, as the phantom was compressed by a 

large rectangular compressor under controlled test conditions. This scenario has direct 

relevance to ultrasound tissue displacement and tissue elasticity imaging of hard breast 

masses or tumors (Chapter 5), where compressions may be made by a small rectangular 

or circular transducer. 

18 

16 

14 
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7.5.1 Methods 

A homogeneous cylindrical gel phantom, 90.0 mm in diameter and 140.0 mm in length, 

was made from 5.5% by weight gelatin (Knox Gelatine, Inc., Engelwood Cliffs, NJ). 

Polystyrene microspheres, 0.4% by weight (Analytical Grade Cation Exchange Resin, 

AG 50 W-X12, Bio-RAD Laboratories, Hercules, CA) with diameters of 40-120 jum were 

added to produce ultrasound scattering [3]. A 30.0 mm diameter cylindrical core (a 

circular longitudinal hole) was hollowed out of the phantom and filled with 12% by 

weight gelatin to simulate the presence of a hard cylindrical inclusion. The inclusion 

had a Young's modulus (stiffness) of approximately 2.5 times that of the surrounding 

material. The value of the Young's modulus was estimated from the approximately 

linear dependence of the Young's modulus on gel concentration [3, 74] 

The phantom was uniformly compressed to a maximum strain of approximately 8.9%. 

The phantom construction and data acquisition were performed at the University of 

Michigan. Data were collected for two types of motion: 1) translations and 2) compres

sions. This section describes the results of the compression data. 

The ultrasound tissue equivalent phantom was placed in a holder to secure it from 

motion and attached to the bottom of a water-filled tank. The phantom was a water-

based gel with a preservative added and small particles for linear attenuation and low 

background scatter (speed of sound = 1540 m/sec). It was originally produced as the 

background material for a contrast detail phantom from ATS Labortories (Bridgeport, 

CT, (203) 579-2700). A 7.5 MHz scanhead of a Quantum QAD1 ultrasound scanner 

(Siemens Quantum, Inc., Seattle, WA) was attached to a positioning system (Precision 

Data Systems, Englewood, CO) on the tank, which translated the scanhead vertically 

away from the phantom in individual steps of 0.145 mm. The phantom was then placed 

in a compression device constructed of two rectangular acrylic plates. A 25 x 110 mm 

rectangular section was cut out of the top plate for an acoustic window (0.03 mm thick 

plastic sheet wrap) through which ultrasound images could be made. The phantom was 

partially compressed prior to the elasticity experiment to prevent any slip during com-
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pression. Any vibration in the system was allowed sufficient time to damp out between 

each step. The entire translation process was recorded continuously on digital tape while 

the position at each step was verbally indicated on the audio channel of the tape. The 

tape was then played back and individual frames were selected for transfer of the envelope 

detected data from the tape to an IBM-compatible 386 computer via a vendor-supplied 

digital memory dump. These data were then transferred to the University of Illinois for 

analysis. 

7.5.2 Results 

The results of this experiment consist of conventional ultrasound B-scan images and 

elasticity images of the inclusion phantom. Figure 7.15 shows a standard ultrasound 

B-scan image of the inclusion phantom. 

Figure 7.15: Ultrasound B-scan image of inclusion phantom. 
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(a) (b) 

Figure 7.16: Low resolution strain image of inclusion phantom. 

Note the presence of fully developed speckle as found in tissue, which was produced 

by the addition of fine particles and scatterers to the phantom during construction (Fig. 

7.15). The particles produce the speckle texture in the B-scan of the inclusion phantom 

similar to that found in tissue and were used to simulate tissue conditions for imaging 

the inclusion. The presence of the inclusion is difficult to see on the B-scan, and the 

contrast between the inclusion and surroundings is poor. Figure 7.16 is a low resolution 

elasticity image of the inclusion phantom. 

Figure 7.17 is a high resolution elasticity image of the same inclusion phantom. The 

elasticity image covers a total field of view of 50.0 mm x 93.75 mm. The elasticity image 

indicates the presence of a hard 31.25 mm diameter circular inclusion at a depth of 25.0 

mm. The contrast to noise ratio defined as the difference between the strain inside of the 

inclusion and the strain outside of the inclusion normalized to the standard deviation of 

the strain was approximately 13. 

The elasticity image was produced in four steps: 

1. First the displacement field for the inclusion phantom was computed using a one-

dimensional correlation search. 

2. Second, the strain field was computed by taking the derivative of the displace

ment field. The derivatives were approximated by taking finite differences of the 

displacement field. 
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Figure 7.17: High resolution strain image of inclusion phantom. 

3. Third, the stress field was measured experimentally. For this experiment a uniform 

compression was applied and the stress field was assumed to be constant. 

4. Finally, the elasticity image was computed by dividing the stress image by the 

strain image. 

Figure 7.18 shows the strain along the central axis of the inclusion phantom. There 

is clearly a reduced strain in the region of the inclusion, which extends from a depth of 

31 to 56. 

Figure 7.19 shows a side-by-side comparison of a low resolution elasticity image and 

the maximum correlation coefficient found in computing the strain at each point in the 

phantom. The results indicate good reliabilty in tracking tissue motion. 

The high resolution elasticity image consists of a 69 x 199 grid of points with a 

1.25 mm spacing between grid points, a 5.0 mm x 12.5 mm kernel size and a 12.5 mm 

search region. The low resolution elasticity image consists of a 14 x 199 grid of points 
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Figure 7.18: Plot of strain along central axis of inclusion phantom. 

with a 6.25 mm spacing between grid points, a 5.0 mm x 12.5 mm kernel size and a 12.5 

mm search region. The computation time was approximately 20 hr on a Sparc2 for the 

low resolution image and approximately 100 hr for the high resolution image. 

Figure 7.20 shows the effects of speckle decorrelation versus compression for a ho

mogeneous cylindrical phantom (no inclusion) undergoing uniform compression. The 

phantom had a 90.0 mm diameter and was compressed to a maximum strain of ap

proximately 10% its original height. Axial displacements were computed from envelope 

detected data of the phantom being compressed using one-dimensional windows 100 data 

points (25.0 mm) in size. The solid line represents the average correlation coefficients 

versus compression (speckle decorrelation) where each data point is the average of 32 

measurements. The dashed line shows one of the trials and is a representative sample 

path. The dotted lines are two standard deviations from the mean and represent the 

95% confidence intervals. 
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(a) (b) 

Figure 7.19: Strain and correlation images of inclusion phantom. 
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Figure 7.20: Speckle decorrelation vs. compression. 

95 



CHAPTER 8 

ACCURACY, LIMITS AND TRADEOFFS IN 

DISPLACEMENT AND ELASTICITY IMAGING 

Ultrasound elasticity measurements rely on accurate and precise displacement mea

surements. The accuracy of displacement data directly influences the accuracy of re

constructed elasticity fields, since elasticity data are usually constructed by processing 

displacement data. The accuracy of displacement measurements depends on many factors 

such as deformation size and type, window/kernel sizes and transducer frequency. Selec

tion of specific values can result in tradeoffs between displacement accuracy parameters 

and fundamental elasticity imaging parameters such as strain resolution and strain SNR. 

In this chapter, we discuss some of the important parameters and relationships between 

accuracy, limits and tradeoffs in ultrasound displacement and elasticity measurements. 

8.1 Background 

In many medical and nonmedical ultrasound imaging applications, data are computed 

from estimates of tissue displacement. An often overlooked aspect of the process is the 

importance for the user to understand to what degree the data are reliable. Evalua

tions are only as good as the data on which they are based. Information derived from 

tissue displacement measurements can be used to assess tissue elastic properties which 

have tremendous potential applications. In food science, objective measurements of food 

mechanical properties are of interest in maintaining proper food quality control and in 

assessing the viability of new foodstuffs. Medical applications include the early detection 

of breast and prostate cancers and liver cirrhosis, diseases which are believed to signif

icantly alter tissue elastic properties. The potential of imaging tissue elastic properties 

is enormous considering the prospective size of consumer and patient populations, the 

importance placed on quality and cost-effective health care, and the enormous size of 

food industry and health-care markets. 
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Therefore, the need for a full understanding of accuracy issues and limitations on 

tissue displacement measurements has implications for many potential applications. 

The accuracy of ultrasound displacement measurements depends on many factors 

including deformation size and type, window size, transducer frequency and tissue type. 

In elasticity imaging, the accuracy of displacement measurements also affects the accuracy 

of reconstructed elasticity fields since they are directly computed from displacement data. 

The highest accuracy that can be achieved in displacement measurements using con

ventional speckle tracking is limited by the Cramer Rao bound [86]. In addition, the 

digital sampling frequency limits the time resolution in a backscattered ultrasound echo 

and ultimately the smallest detectable displacement. The sampling frequency and tissue 

element size also limit the smallest detectable strain in elasticity imaging. 

Selection of deformation size, window/kernel sizes, transducer frequency/bandwidth 

and sampling frequency in displacement measurements can result in tradeoffs between 

displacement accuracy and fundamental elasticity imaging parameters such as strain 

resolution, strain dynamic range and strain SNR. In this chapter, we first discuss the 

influence of several important imaging parameters on the accuracy of displacement mea

surements. Next, the effects of window sizes, digital sampling frequency and strain level 

on limiting displacement accuracy, strain resolution and strain SNR are discussed. Fi

nally, several possible tradeoffs in ultrasound elasticity measurements are discussed and 

related to accuracy issues. 

8.2 Accuracy 

The impact of six important imaging parameters on the accuracy of two-dimensional 

tissue speckle tracking have been investigated in depth by Ramamurthy et al. and Chen 

et al. [42, 43]. These parameters include 

• magnitude of tissue motion 

• direction (axial or lateral) of tissue motion 

• dimensions of tissue region being tracked 
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• ultrasonic frequency of interrogation 

• digital sampling frequency 

• signal type (ultrasonic RF or envelope detected) 

8.3 Limits 

Conventional displacement measurements using speckle tracking usually consist of 

applying cross correlation or other window matching methods to compute displacements 

(Fourier methods have also been reported). The precision of cross correlation time shift 

estimation can be characterized by the mean square error of the time shift estimate. The 

precision of displacement estimates is generally inversely proportional to the ultrasound 

signal bandwidth (B), the window size (T) and the signal to noise ratio of the echo 

signal (SNR) [87]. Ultimate limits on the accuracy of displacement measurements have 

been investigated using the Cramer Rao Lower Bound (CRLB) [88] under a variety of 

conditions. 

The digital sampling frequency ultimately limits the time resolution of ultrasound 

echo data. Parilla et al. report that sampling at or above the Nyquist rate can make 

SNR the limiting factor [89]. The accuracy of displacement measurements can also be 

limited by low bit quantization [34]. In tissue elasticity measurements, a very high 

time resolution may be required to achieve reasonable strain estimates [90]. Sample 

interpolation methods have been applied to obtain time shifts less than the sample period. 

The interpolation method (parabolic, sine, quadratic, cubic) can contribute to time shift 

errors [48]. 

In elasticity measurements, determination of the appropriate strain level is crucial. 

O'Donnell et al. report that high strain levels may be required in order to achieve suf

ficient strain SNR [3]. However, the strain level directly affects the degree of signal 

distortion between pre-compression and post-compression signals. Elasticity measure

ments based on correlation methods are accurate only to the extent that segments of 

the pre- and post-compression signals can be considered as linear translations of one an-
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other. As previously discussed, high strains can result in significant signal decorrelation 

and limit the accuracy of displacement measurements [90]. 

8.4 Tradeoffs 

8.4.1 Time shift est imation error vs. window/kernel size 

Ramamurthy et al. have shown that time shift errors typically increase with smaller 

window sizes using correlation techniques [42, 43] (See also Chapter 3). 

8.4.2 Time shift estimation error vs. bandwidth vs. SNR 

Foster et al. have reported that time shift errors should decrease with increasing SNR 

and transducer bandwidth [40]. Cespedes and Ophir have also investigated the effect of 

bandwidth and SNR on displacement measurements for elastography [90]. 

8.4.3 Strain resolution vs. window/kernel size 

Ophir et al. have noted a classic tradeoff between window size and resolution in 

elastography measurements [4]. Larger window sizes can improve displacement accuracy 

but there is a resulting loss in spatial resolution [2, 32]. 

8.4.4 Strain dynamic range vs. minimum detectable t ime shift 

In elastography type measurements, the strain dynamic range is directly dependent 

on the minimum time shift estimate. The strain range will typically be in increments of 

Q * W%, where tmin and L represent the minimum time shift and pre-compression length 

of a tissue element and C is the tissue speed of sound. 

8.4.5 Mult iple incremental compressions vs. single large compression 

Since large strains can improve strain SNR, the use of multiple incremental com

pressions to achieve a large net strain have been employed in elasticity measurements 
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of gels-based tissue phantoms and muscle tissue [32, 91]. Multiple incremental compres

sions attempt to avoid problems with signal distortions and decorrelation that can result 

from a single large compression. We have previously reported that displacement mea

surements made over small deformations (translations) and large number of increments 

showed significant improvement in accuracy vs. those for single large deformation [42]. 

8.4.6 Depth dependent stress vs. compressor size 

Cespedes and Ophir have reported stress field non-uniformities which are strongly 

dependent on compressor radius [84]. Stress non-uniformities can be largely eliminated 

in sample measurements if the compressor size is larger than the sample surface dimen

sions [4, 91]. However, the depth dependent stress problem is complicated since accurate 

one-dimensional elasticity measurements may require a minimum height-width aspect 

ratio in order to meet the requirement of a bar sample for true one-dimensional me

chanics measurements. In addition, the stress field estimations from simple (circular) 

compressors [84] assume a homogeneous medium. At present, there are also no conve

nient methods for measuring internal stresses, although [4] have introduced the concept 

of the stress meter, where the stress in a layer of tissue of known elastic modulus is 

computed and used to reconstruct internal stress fields. However, the accuracy of this 

method still needs to be tested. 

8.4.7 Linear vs. non-linear elastic behavior 

Current static and quasi-static elasticity measurements have been largely based on 

the assumption of linear elastic behavior of tissues. In much of the present work, de

formations have been limited to low strains in order to maintain linear behavior. As 

previously discussed, high strains may be required to obtain a reasonable SNR. Using 

two independent elasticity measures, Chen et al. [91] have observed a strain hardening 

effect in soft tissue, with non-linear behavior and permanent plastic deformation of tissue 

at high strains. It should be understood that for high strains, elasticity measurements 

are representative of only tissue pseudo-elastic properties (elasticity at a specific strain 
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level) and not true tissue material properties. Current elasticity measurements can also 

be limited by problems due to stress relaxation, creep and hysteresis effects in repeated 

compression measurements [78, 91]. 
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CHAPTER 9 

CONCLUSIONS 

This thesis has investigated topics in the areas of ultrasound displacement and elas

ticity imaging. The key contributions in these areas are summarized below. 

9.1 Contr ibutions 

The major contributions of this thesis can be divided into four primary components: 

1) an accuracy assessment of ultrasound displacement imaging, 2) an accuracy assessment 

of ultrasound elasticity measurements, 3) application of displacement imaging to breast 

cancer detection and 4) application of strain and elasticity imaging to phantom and 

clinical data. 

The accuracy of ultrasound displacement imaging depends on many factors such as 

ultrasound frequency, magnitude and direction of motion and tissue type. The impact 

of various imaging parameters on ultrasound displacement and velocity estimates was 

studied. In addition, the accuracy of ultrasound displacement measurements were in

vestigated in various tissues including liver, muscle and fat. To our knowledge, this 

represents the first time the effect of different tissue types on displacement accuracy has 

been investigated in the published literature, and is a key contribution of this work. 

Some of these results were first presented at the IEEE Ultrasonics Symposium 1991 and 

1992 [35, 39] and have since been published [42, 92]. 

Ultrasound elasticity imaging is a promising new method that may allow the detec

tion of many important tissue diseases such as cancers of the breast and prostate and 

cirrhosis of the liver, diseases which are believed to significantly alter tissue elasticity. 

The quantitative accuracy of ultrasound elasticity measurements was investigated and 

compared with independent and established mechanical load cell measurements. This 

thesis represents the first reported comparisons between ultrasound elasticity measure

ments and independent mechanical elasticity measurements. These results were first 
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presented at the IEEE Ultrasonics Symposium 1994 [91] and have been published [77]. 

An accuracy assessment of displacement and elasticity imaging is needed to understand 

both the potential and limitations of this area of research and is, therefore, important. 

In addition, ultrasound elasticity measurements rely on accurate and precise displace

ment measurements; therefore, the accuracies of displacement and elasticity imaging are 

closely linked. 

Results in Chapter 5 showed how ultrasound displacement imaging was applied to 

the problem of breast cancer detection and classification. Displacement imaging was 

used to test quantitatively the hypothesis that invasion of normal tissues by malignant 

breast cancer causes connective tissues near the tumor site to become infiltrated, fixing 

the tumor to the surrounding normal breast parenchyma. This represented the first time 

in the published literature that motion analysis was used in breast cancer detection. 

Some of the results in Chapter 7 have been published and will be presented at the IEEE 

Ultrasonics Symposium 1995 [2, 93]. 

Results in Chapter 7 showed examples of ultrasound strain and elasticity images of 

phantoms and clinical data from human patients. Only a handful of elasticity images 

have been reported in the published literature. Results from the wire phantom data 

represent one of the first times that internal displacements have been measured in a 

calibrated phantom and the only time we have seen two-dimensional displacement data 

displayed. Strain images from the clinical data of the Achilles' tendon and breast cyst 

have never been produced before, although elasticity imaging of a breast tumor specimen 

fixed in soft gelatin has been reported. 

9.2 Future Work 

One of the most significant and most difficult problems that should be investigated in 

future works is how to measure the stress field produced by small compressor sizes. This 

problem is important since it more accurately models the clinical situation. Equations 

for the stress field produced by small compressors in a homogeneous material have been 

solved analytically in the mechanics literature for simple compressor shapes such as 
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rectangular and circular [83, 84]. However, this is for the case of homogeneous material 

(constant elasticity or YM throughout) only. A method to compute the stress field for 

simple geometries in inhomogeneous materials is needed. 

An interesting solution may be the application of iterative or adaptive techniques. For 

a homogeneous material, the (theoretical) displacement field under a small compressor 

will be proportional to the stress field based on Hooke's Law. The ultrasound measured 

displacement field under the compressor (transducer) will differ from the theoretical dis

placement field and the difference can be called the error. The difference between the 

theory and the measured data occurs because the measurements are made in inhomoge

neous (non-constant YM throughout) material while the theory assumes homogeneous 

material. Small inhomogeneities (hard or soft areas) can be added and the theoretical 

displacements recomputed until the theoretical displacement field and measured dis

placement field match in some sense. The question that remains is how to compute the 

displacement field given the elasticity distribution and compressor geometry. 

Displacement and elasticity imaging involve many tradeoffs between parameters such 

as window size versus resolution of displacement images versus accuracy. The strain 

level used is critical in elasticity imaging. Higher strains may be necessary to achieve 

sufficient strain SNR. However, lower strains are necessary to maintain accuracy in cor

relation tracking and also for the linear elasticity theory to hold. The determination of 

optimum strain levels and strategies for accurately tracking displacements under large 

strains should be investigated. The application of Fourier-based and incremental track

ing strategies may be useful for large strains. However, this may result in increased 

acquisition times because the data are needed over multiple increments. This can re

sult in problems with motion artifacts due to patient motion or breathing during data 

acquisition. 

The issue of tracking rotational motion has largely been avoided in the ultrasound 

literature. An interesting approach to tracking rotations may involve Fourier domain 

processing. An alternative to the rotational correlation search algorithm might be to 

compute the two-dimensional Fourier transforms of the pre- and post-rotated object and 
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use the phase information to compute the translation component of motion of the object. 

Once the translation has been computed the correlation rotational search could be used 

to determine the rotation of the object. 
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