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1. ABSTRACT 
 

Computational and in vitro studies of tendons provide insight into functional behavior 
and demonstrate the intrinsic value of mechanical metrics. Methodological limitations, 
however, make in vivo data more challenging to gather and hence, rarely used clinically. 
Acoustoelastic (AE) analysis of ultrasound data has shown promise for providing in 
vivo mechanical data. AE studies analyze the changing ultrasound echoes in a loaded 
tissue and compute tissue stiffness from the AE equations. Herein, we extend these 
methods to tendons with local pathologies, combining AE analysis with a new method 
called projected empirical segmentation (PES). In cine B-mode ultrasound images, PES 
segments an imbedded pathological region and tracks it during functional loading. 
Using statistical features optimized for B-mode sonography, PES checks each pixel in a 
region of interest (ROI), determining whether its properties better match the interior 
pathological region or the exterior region of normal tissue. After objectively bounding 
the tendinopathy, PES segments and tracks it through subsequent cine images. The 
pathological tissue within this region and the normal tissue outside of this region then 
undergo AE analyses. Results provide localized tissue stress, strain, and stiffness from 
only ultrasound echo intensities. We demonstrate our method on tendinopathy regions 
in human Achilles tendons. Comparative local stiffnesses (normal versus tendinopathic) 
indicate the degree of mechanical compromise in the pathological region. Within limits 
of resolution and modeling assumptions, these data can quantify structural compromise 
and monitor functional healing in pathological tendons. 
 

2. INTRODUCTION 
 
Hughes and Kelly’s [1] theory of acoustoelasticity (AE) describes changes in acoustic 
properties in a deformed medium, e.g. when waves travel through a medium under 
tensile stretch, wave velocity and reflected amplitude change. An example of this 
behavior in tendon (Fig. 1) shows three sets of reflected ultrasound waves from a single 
2 MHz transducer superimposed to evidence AE effects for increasing tissue loads. 
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A strong correlation between the change in wave velocity and the amount of stretch 
applied to tendons was reported by Crisco et al. [2] and Pourcelot et al. [3], but neither 
of these studies described the phenomenon within the framework of acoustoelasticity. 
Crevier-Denoix et al. [4] correlated mean echogenicity to the elastic modulus equine 
superficial digital flexor tendon and Pan et al. [5] reported an increase in echo intensity 
with increasing strain in skin. Neither of these phenomena were used to calculate or 
predict stress or strain in the tissues. De Zordo et al. [6] used sonoelastography (low 
frequency shear waves to analyze tissue vibration) to determine differences in shear 
stiffness (stiffer materials vibrate less) and measure softening of human extensor 
tendons with lateral epicondylitis. Direct measurements of tissue properties were not 
performed, but a comparison between healthy and pathologic tissues was included.  
  
Since the target tissue (tendon) in Fig. 1 is subjected to axial stress (direction of tendon, 

1x , and normal to the ultrasound beam direction, 3x ), the following acoustoelasticity 
equations can be written for each of the three directions: 
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Here, )(~~ εpqpq CC = and )(11 εt represent the pq entries of the strain (ε) dependent stiffness 
matrix and Cauchy stress in the x1 direction, respectively. Thus, reflected echo intensity, as 
manifested by the amplitude of the reflected ultrasound wave (Fig. 1), is altered as a 
tissue is loaded and relates to changes in ( )33C ε  if density is relatively constant. If the 

tissue is relatively incompressible and transverse isotropy, ( ) ( )11 33C Cε ε∝  , making 

strain-dependent axial stiffness ( )11C ε  a function of the transverse ultrasound signals. 
Kobayashi and Vanderby introduced a new strain energy function [7] and applied it to 
strain-dependent materials, computing stiffness from changes in echo intensity during 
deformation [8]. Duenwald et al. generalized this approach and applied it to the analysis 
of B-mode ultrasound images of porcine flexor tendons loaded in vitro [9]. 

 

 
Fig. 1. Single line transducer results 
from an acoustoelastic test of tendon. 
Note: 1) Signals from the first echo 
from the near surface and the second 
echo from the far surface are 
distinctive. Travel times for the waves 
can be accurately determined from the 
distance between peaks. 2) Echo 
amplitudes increase significantly as 
applied force increases. Echo changes 
indicate tissue stiffening.  
 
 



Most current image segmentation algorithms are designed for segmenting a certain 
Region of Interest (ROI) from a single frame. For example, a texture discriminant is 
proposed for characterizing B-scans of Achilles’ tendon [10], a filter algorithm is 
proposed for equine tendon structure identification [11], and a watershed segmentation 
algorithm was applied to breast tumor [12]. The active contour (snake) model [13] is an 
energy-minimizing spline guided by external constraints and influenced by features 
such as lines and edges. These image segmentation algorithms select threshold values 
using only features within the ROI. In contrast, the proposed Projected Empirical 
Segmentation (PES) algorithm operates by comparing features from within the ROI 
with features from a region known to be outside the ROI, allowing more advanced 
techniques from pattern recognition to more accurately segment. 

Different frames of the video may carry different amounts of information: some frames 
may be blurrier than others and more difficult to segment. This paper proposes a way to 
segment the ROI using PES by combining two special features: projected segmentation 
and empirical segmentation. The projection provides automated starting points for the 
segmentation of the next frame and helps to prevent degradations due to the variation in 
image quality. 

The goal of this study was: 1) Develop a computational method (PES) to segment and 
track tendinopathic regions as they displace and deform during functional tendon 
loadings and 2) integrate PES with AE analysis to obtain localized mechanical 
behaviors of these tissues.  
 
 
3. METHODS 
 

3.1. PES (Projected Empirical Segmentation) 

We use empirical segmentation to generate three regions: internal, intermediate, and 
external to an imbedded region of tendon pathology. The internal region (user selected 
in the first frame) is assumed to lie well inside the final ROI (region of pathology), the 
external region lies outside the final ROI, and the pixels in the intermediate region must 
be categorized. The user specifies a seed region in the first frame, whose polygonal 
convex hull lies within the ROI. Two expansion ratios are applied to create two new 
regions: the external and the intermediate. By comparing the differences in the 
statistical features of the internal and external regions, an empirical value is calculated 
through minimum squared-error and pseudoinverse equation, as used for pattern 
classification [14]. The algorithm then calculates the statistical features of points in the 
intermediate region and compares with the empirical value to give the final ROI, which 
is saved for projection into the next frame. Starting with the second frame, the algorithm 
requires no manual intervention, since the initial region is created by combining motion 
estimation and the final ROI from the previous frame. The motion estimation evaluates 
the shift of points along frames, and the final ROI from previous frame defines the 
shape of the current ROI. The algorithm repeats through all remaining frames. 

Then, a projection algorithm maps information from the current frame into succeeding 
frames, including the boundaries of the final current ROI, helping ensure that the 
algorithm performs well even if image quality degrades. The projection creates an initial 
region in the succeeding frame by combining the final ROI and the motion estimate, 
decreasing the time needed to compute an internal region and removing the need for the 
user to manually intervene in succeeding frames. 



Let INTP  be the data set of the location of points in the internal region. Applying an 
expansion ratio IR creates a larger region AP  that encloses the internal region ( INTP ). 
The intermediate region MIDP  is given by: 

  INTA PIRP ×=        (3) 
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The second expansion ratio ER is applied to create another region BP  that encloses both 
the internal region and the intermediate region. The external region EXTP  is given by: 

  INTB PERP ×=       (5) 
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Digital image correlation (DIC) is used to isolate, track and compute features of a 
region of interest through frames. DIC tracks the location of data set in different frames 
by minimizing the feature difference of selected data sets in different frames. 

Statistical features are key to the successful application of empirical segmentation since 
they are used to distinguish the final ROI from the external region. In the PES 
algorithm, the statistical features are a collection of moments, which are the 
combinations of the pixel intensity and different orders of distance. [15] 
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Suppose x  and y  define the location of a pixel, x and y are locations of surrounding 
pixels, and ( ),f x y  is the intensity of point ( ),x y . P and Q are the orders of distance 
factors. With these moments, the normalized central moments can be defined. A set of 
invariant moments are then derived from the second and third moments.  The algorithm 
uses a five by five matrix centering at each pixel and calculates the seven moments. 
This reduces the influence of inconsistent speckles and other irregularities. 

 

3.2 Acoustoelastography  

Mechanical analysis was performed using acoustoelastography (EchoSoftTM, Madison 
WI, USA) which is based on AE theory. We adapted this software to analyze tissue 
within a moving and deforming region of interest both within the segmented 
tendinopathy and in tissue away from the pathology. The echo intensity (average gray 
scale brightness in the B-mode image) and spatial location of each pixel was recorded for 
each frame. The overall echo intensity was averaged over regions of interest to record the 
echo intensity changes over time, and overall strain was calculated from pixel 
displacement information. Echo intensity changes during stretching were interpreted 
within the context of the AE equations. This provided stiffness and stress via the 
methods of Kobayashi and Vanderby [7,8] and Duenwald et al. [9].   

 

3.3 In Vivo Experiment 

Two human subjects with Achilles tendinopathy were scanned with B-mode ultrasound 
while their tendons were passively loaded. Images were taken under protocols approved 



by our Human Subjects Committee and informed consent was obtained. The exam was 
performed with an iU22 ultrasound system, Philips Healthcare (Andover, MA) with a 
variable high-frequency high-resolution 12 MHz linear-array transducer.  

 

4. RESULTS  

 
Figure 2 is a result of segmenting tendinopathy from the rest of the tendon image. In 
Figure 2a, the bright curve on the right is the surface of calcaneus. The relatively dark 
elliptical region on top of calcaneus (in this image) has been diagnosed as tendinopathy. 
Our algorithm is applied to segment the tendon from the rest of the image with 
expansion ratio (ER) 2.65, and the result is as Figure 2b. PES segments the regions of 
tendinopathy and tracks throughout the subsequent video images. Figure 2c shows the 
mean stress versus nominal strain behaviors for the pathological (segmented) region 
(blue line and data) and for a normal region of tendon proximal to the pathology (red 
line and data).  

 
Fig. 2. a) Ultrasound image of a human Achilles tendon, b) PES segmentation to locate 
the tendinopathy, c) AE calculated stress in normal tissue vs. ROI as tendon is loaded 

 
 
5. DISCUSSION 
 

Tendinopathies can include regions of inflamed regions (tendinitis) and pathological 
region without inflammation (tendinosis). In both cases, the region is mechanically 
altered and compromised. Therefore, an in vivo mechanical evaluation would be of great 
value. An experienced radiologist is needed to diagnose tendonitis from ultrasound 
images. The PES algorithm objectively segments the region of tendonitis from the 
remainder of the tendon in ultrasound image. Then, subsequent AE analysis provides 
data lacking in any other evaluation, i.e. mechanical compromise of affected regions. 

Compared to other clinical imaging modalities such as magnetic resonance imaging 
(MRI) or computed tomography (CT), ultrasound is simpler, less expensive, and more 
portable. This makes ultrasound an ideal tool for use for diagnosis and evaluation of 
tendinopathy. When used in the manner described herein, ultrasound based analyses 



could quantify the initial structural compromise at presentation and track patient-
specific efficacy of treatments to customize therapy. 
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