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Abstract: Breast cancer is the most common and deadly cancer in women, where early detection is of
the utmost importance as survival rates decrease with the advancement of the disease. Most available
methods of breast cancer screening and evaluation lack the ability to effectively differentiate between
benign and malignant lesions without a biopsy. Ultrasound elastography (USE) is a cost-effective
method that can potentially provide an initial malignancy assessment at the bedside. One of the
challenges, however, is the uncertainty of tissue displacement data when performing USE due to
out-of-plane movement of the tissue during mechanical stimulation, in addition to the computational
efficiency necessary for real-time image reconstruction. This work presents a comparison of four
different theoretically sound displacement estimators for their ability in tissue Young’s modulus
reconstruction level with an emphasis on quality-to-runtime ratio to determine which estimators
are most suitable for real-time USE systems. The methods are known in literature as AM2D, GLUE,
OVERWIND, and SOUL methods. The effectiveness of each method was assessed as a stand-alone
method or in combination with a strain field enhancement technique known as STREAL, which was
recently developed using tissue mechanics-based regularization. The study was performed using
radiofrequency US data pertaining to in silico and tissue mimicking phantoms in addition to clinical
data. This data was used to generate tissue displacement fields employed to generate axial and
lateral strain images before Young’s modulus images were reconstructed. The study indicates that the
AM2D displacement estimator, which is an older and computationally less involved method, along
with a tissue-mechanics-based image processing algorithm, performs very well, with high CNR, SNR,
and preservation of tumor heterogeneity obtained at both strain and stiffness image levels, while
its computation run-time is much lower compared to other estimation methods. As such, it can be
recommended for incorporation in real-time USE systems.

Keywords: breast cancer; diagnosis; ultasound elastography; tissue motion tracking

1. Introduction

Breast cancer is one of the most common cancers, representing 25% of all new cancers
and leading to 13% of all cancer-related deaths in Canadian women [1]. It has been well
established that early detection of this disease before treatment is of the utmost importance,
as five-year survival rates decrease significantly over time from ~100% in stage 1 down
to 22% in stage 4 because of the spreading of the disease to other vital organs [1]. Some
of the most common diagnostic and screening procedures include manual examination,
X-ray mammography, and breast magnetic resonance imaging (MRI). Unfortunately, some
of these methods are too costly or insufficiently effective in detecting abnormalities or
differentiating malignant tumors from benign lesions without follow-up biopsy. Taking
advantage of the fact that malignant tumors tend to be stiffer than normal tissue and benign
lesions, ultrasound elastography (USE) techniques have been developed as a cost-effective
imaging technique to visualize tissue stiffness. While cost-effective, this technique can be
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used for preliminary assessment of malignancy [2–5], hence potentially minimizing the
number of follow-up biopsies. Typically, USE is performed through tissue mechanical
stimulation, measuring the generated displacement field, and finally using this field to
compute the tissue stiffness image. The quality of the stiffness image is highly dependent
on the accuracy of the measured displacement field. Many methods have been developed
for tissue motion tracking where tissue displacements are estimated by processing US radio-
frequency (RF) data of the tissue as acquired at two states of before and after mechanical
stimulation [6–17]. In this case, the mechanical stimulation is applied manually with
the ultrasound probe, also known as quasi-static elastography. The comparative study
presented here aims at assessing the qualifications of each major tissue motion tracking
technique. Unlike other comparative studies where the qualifications are assessed based on
signal-to-noise ratio (SNR) and CNR of the estimated displacement and strain fields, this
study uses measures pertaining to Young’s modulus images reconstructed using respective
tissue motion tracking methods for the assessment.

One of the most significant issues plaguing quasi-static USE is the lack of high-quality
data due to out-of-plane tissue motion, imperfect application of force, and other operator
inconsistencies. PCA-GLUE was recently proposed for data quality assessment [18]. This
is a machine-learning-based method developed using data pertaining to tissue mimick-
ing phantoms and only 3 patients; thus, it may not be rigorous for clinical applications.
Another potential avenue to address the data imperfection issue is to develop image pro-
cessing techniques that are resistant to this imperfection. Such development, however,
may involve unjustifiably extensive computational processing. One exception to this is the
strain refinement algorithm (STREAL), which follows tissue-mechanics-based regulariza-
tion to improve the estimate of tissue lateral displacements with very high performance
and low computational cost [19,20]. This method requires a rough initial estimate of the
displacement field that can be obtained using previously developed techniques [7,13,21,22].

This investigation aims at identifying the best rough displacement estimator method
that can be used in conjunction with STREAL. The criterion for selection is the ability to
provide a good balance of run-time and quality during the elastic modulus reconstruction.
This is contrary to the commonly used criteria for displacement and strain image quality
measured by their SNR and CNR. The candidate algorithms of initial displacement esti-
mation include analytic minimization in 2D (AM2D) [7], Global Ultrasound Elastography
(GLUE) [13], OVERWIND [21], and SOUL [22]. These were chosen as candidates because
they are well-motivated direct calculation methods that vary in complexity and quality,
while their codes are publicly available for use in research. They represent a wide range
of methods, including first-order derivatives, second-order derivatives, window-based
approaches, etc. This study provides unique insight into the performance of these dis-
placement estimators considering computational time restrictions (real-time rates) and at a
wholly new full reconstruction level. Full elasticity reconstruction leading to tissue Young’s
modulus images is a much more direct method to interpret the results of elastography,
which may vastly improve the readability of these images.

Table 1 provides a reference table for the abbreviations used in this paper.

Table 1. An overview of abbreviations used in this paper and their definitions.

Abbreviation Definition

QUSE Quasi-static Ultrasound Elastography

AM2D Analytic Minimization in 2-Dimensions

GLUE Global Ultrasound Elastography

OVERWIND tOtal Variational Regularization and WINDow-based time delay estimation

SOUL Second-Order Ultrasound Elastography

STREAL STrain Enhancement ALgorithm

E Young’s Modulus
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Table 1. Cont.

Abbreviation Definition

SNR Signal to Noise Ratio

CNR Contrast to Noise Ratio

MSE Mean-Squared-Error

RF Radiofrequency

DS Theory Dempster-Shafer Evidence Theory

2. Related Work

In general, there are many ways to perform elastography, each with their own
strengths, weaknesses, and applications. One of the highest quality methods of elas-
tography is magnetic resonance elastography (MRE) [23–27]. While this method offers high
quality elastography images measured by its contrast-to-noise ratio (CNR), unfortunately,
it suffers from pitfalls including low spatial resolution and low specificity. Moreover, broad
application of MRI for breast cancer screening or assessment is not clinically feasible due to
its high cost. USE on the other hand is cost-effective and easy to use, while it relatively has
high spatial resolution. However, it does not have desirable overall quality compared to
MRE. To enhance the quality of tissue displacement estimates which is necessary to ramp
up the quality of USE images, 3D USE has been performed with reasonable success [28–30].
While high quality, 3D USE is far less accessible than 2D USE. Unfortunately, 2D USE
introduces complications due to the simplification of a 3D problem into a 2D counterpart,
leading to compromise in generated USE image quality. Recently, a 2D tissue motion track-
ing method was developed which has been shown to produce high quality displacement
field [19]. This method starts with an initial rough estimate of the displacement field and
applies regularization derived from an approximate 3D tissue mechanical model, leading
to accurate estimation of both axial and lateral tissue displacement fields.

In 2D USE, there are major methods, including quasi-static elastography and shear
wave elastography. Quasi-static elastography includes two methodologies: strain imaging
and elastic modulus imaging. Both methodologies follow the same fundamental approach,
where the tissue is mechanically stimulated through external application of compression
by ultrasound probe or intrinsically through blood pulsation [31,32] before generated
tissue displacement data are employed to create a strain or elastic modulus image. Unlike
strain imaging, which estimates the tissue strain as a measure of stiffness, elastic modulus
elastography utilizes an inversion framework to process the estimated displacement field
before elastic modulus reconstruction [33–36]. The advantage of this methodology is that
the hardware required is relatively simple, while the image reconstruction involves only a
few assumptions. Shear wave elastography generates shear waves propagating through
the tissue by producing an acoustic force or push impulse before the tissue shear modulus
is reconstructed based on the estimated shear wave velocity [37,38]. One very important
advantage of elastic modulus imaging techniques is that they provide a quantitative
measurement of the underlying tissue stiffness, whereas strain imaging can only provide a
qualitative image of stiffness at best. This makes these methods attractive to the diagnosis of
diseases like breast cancer, liver cancer, fatty liver disease, and cirrhosis where an objective
measurement is required [26,39,40]. This investigation focuses on quasi-static ultrasound
elastography (QUSE), where the tissue is mechanically stimulated via very low-frequency
tissue compression by the operator.

3. Methods
3.1. Strain Refinement Algorithm (STREAL)

The method presented in [19] has three major steps: Laplacian filtering, incompress-
ibility enforcement, and compatibility enforcement. The first is the simplest: a Laplacian
operator is applied to reduce the noise in the displacement image. Then the incompress-
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ibility of the tissues is enforced via an iterative optimization to further enhance the quality
of the displacement field. Then the compatibility of tissues, which is interpreted as tissue
displacement continuity enforcement, is enforced with an iterative optimization scheme to
compute high-quality axial and lateral strain images. Tissue incompressibility enforcement
relies on an assumption of the underlying tissue behavior. Sometimes this follows the
plane strain behavior assumption, where out-of-plane strains are assumed to be negligible.
In most cases, including clinical applications, the plain strain assumption is insufficient;
hence, the Boussinesq model is used to approximate the 3D tissue deformation based on a
semi-infinite medium mechanics [41].

3.2. Data Generation

Three kinds of data were used for this investigation: fully in-silico ultrasound data, a
tissue-mimicking phantom, and clinical data.

Full synthetic in-silico ultrasound data was generated by first running a simulation of
tissue compression in ABAQUS (ABAQUS 2019, Dassault Systèmes Simulia Corp., Johnston,
RI, USA) with a strain level of 1% and then using the FIELD II toolbox [42–44] using a central
frequency of 5 Mhz. To generate this data, scatterers were simulated and then displaced
using the nodal displacements generated from the ABAQUS simulation. 23 different
phantom models, including uni-focal and multi-focal phantoms with inclusion stiffnesses
ranging from 40 to 60 kPa and background stiffnesses from 18 to 23 kPa, were simulated.
The full method of generating in-silico ultrasound data is described in [17]. These phantoms
reflect a “perfect” data acquisition scenario without any contamination with out-of-plane
displacement or other irregularities. The synthetic data also allow for a large enough data
sample to conduct statistical analyses on the performance of these displacement estimators,
which is normally not possible with the handful of tissue mimicking phantoms usually
presented in similar investigations.

For another level of validation on non-synthetic data, a tissue mimicking phantom
manufactured by the Computerized Imaging Reference Systems (CIRS; Norfolk, VA, USA)
was used as a second level of control. The ultrasound probe was controlled with a mechan-
ical device to apply displacement in 2.54 mm (0.1 inch) increments. Finally, radiofrequency
frame pairs of 3 patients were used from [11] to compare the differences in performance on
clinical data. The tissue mimicking phantom was used to bridge the gap between entirely
idealized data and clinical data in order to assess the performance of the estimators on
high-quality but nonetheless “real” data.

3.3. Displacement Estimation

For each of the 23 models, the radiofrequency images were processed with the follow-
ing displacement estimators:

Analytic Minimization in 2D [7]
Global Ultrasound Elastography [13]
OVERWIND [21]
Second-Order Ultrasound Elastography [22].
The resulting displacement and strain images were collected, and an estimate of

run-time on an Intel i7 8700-based workstation was measured. The same was repeated
on the tissues, mimicking phantoms and clinical data. Once these data were acquired,
the displacements and strains were further improved using the STREAL algorithm in
conjunction with the analytical Boussinesq model to estimate the out-of-plane strain [19,41].

3.4. Young’s Modulus Reconstruction Algorithm and Data Processing

An iterative reconstruction algorithm was used to recover the Young’s modulus of
all the data [33,42]. In this algorithm, an initial guess of the Young’s modulus is made
before a finite element (FE) model of the US field of view is generated, where the loading is
provided as prescribed displacement boundary conditions obtained from the measured
displacement field. The FE method is run, and based on the stresses from the model and the
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strain calculated from the US motion tracking, the Young’s modulus is recalculated. This is
repeated until the Young’s modulus values converge. Figure 1 demonstrates the process
with a flow chart. For the synthetic dataset, all generated data, including both pre- and
post-STREAL, were used to reconstruct the Young’s modulus € images, while this image
reconstruction method was also carried out using the ground truth displacements obtained
through the FE simulation. The synthetic reconstructed data was processed as follows:

1. The inclusion-to-background Young’s modulus ratio was calculated, and a percent
difference was calculated between the measured ratio using displacement estimators
and the reconstruction performed with the ground-truth displacement. This can pro-
vide an idea of the diagnostic power of each estimator, as the ratio is what determines
potential malignancy.

2. The Hausdorff distance was calculated between the border of the segmented inclu-
sions of the synthetic data reconstruction and the ground truth reconstruction. This
metric was chosen to measure the change in shape of the inclusion.

3. The mean squared error (MSE) between the resultant Young’s modulus images and
the ground truth was calculated.

4. The Young’s modulus ratios, Hausdorff distance, and MSE were then statistically
compared using an ANOVA test with Bonferroni corrections.

5. Using the same thresholding procedure as in step 2, the specificity, sensitivity, and
kappa statistic were calculated for agreement with the ground truth for each displace-
ment estimator.
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Figure 1. A flow chart demonstrating the iterative reconstruction process described in [33,42]. The
Young’s modul€(E) is iteratively re-calculated using measured strains until convergence is achieved,
where convergence is defined as the mean absolute difference obtained from two consecutive itera-
tions and is less than a specified tolerance (0.01).

For the tissue mimicking phantom and clinical examples, strain images for the axial
and lateral images were also generated, along with CNR, SNR, and inclusion to the back-
ground Young’s modulus ratios. The CNR and SNR were calculated using two ROIs, one
on the inclusion and one in the background.

4. Results

For each displacement estimator, with and without refinement using the STREAL
method, Figure 2 illustrates errors in the reconstructed inclusion-to-background Young’s
modulus ratios, Hausdorff distances between the truth and reconstructed outlines of the
inclusion, and MSE between ground truth and reconstructed Young’s modulus images
obtained for the phantoms’ datasets. Statistical significance (p < 0.05) between results
generated by pairs of displacement estimators, both with and without refinement using
the STREAL method, is also indicated in this figure. As seen in this figure, the AM2D
displacement estimator with STREAL enhancement provides the most accurate inclusion-
to-background Young’s modulus reconstruction ratio, while, on average, the STREAL
enhancement reduces this error to less than one third compared to its pre-enhancement
counterpart. The AM2D estimator with enhancement also leads to improved MSE, while
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its Hausdorff distance is not significantly different from other estimators. The latter implies
that, compared to other estimators, while AM2D improves the quantitative distribution
of the Young’s modulus ratio significantly, it does not improve the estimated shape of the
inclusion significantly.
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Figure 2. Errors in reconstructed inclusion-to-background Young’s modulus ratios, Hausdorff dis-
tances between truth and reconstructed outlines of the inclusion, and MSE between ground truth and
reconstructed Young’s modulus images obtained using the four displacement estimation methods
of AM2D, GLUE, OVERWIND, and SOUL with and without STREAL enhancement. The red and
blue lines with stars indicate statistical significance (p < 0.05) between results generated by pairs of
estimators. In this comparison, pre- and post-STREAL were separate groups; hence, the statistical
comparisons are between estimators, not pre- and post-STREAL.

When applied to synthetic data, the AM2D estimator provides accurate inclusion
to background Young’s modulus ratio error estimation while preserving the quality of
inclusion shape (Hausdorff distance). It generally compares well with the ground truth
Young’s modulus distribution according to the small MSE values and very high specificity,
sensitivity, and Kappa statistics, as can be seen in Table 2. In terms of runtime, however,
AM2D ranges around 0.1 s, whereas GLUE, OVERWIND, and SOUL are approximately
8 s, 20 s, and 40 s, respectively. To demonstrate/compare the quality of the reconstructed
Young’s modulus, Figure 3 illustrates an example obtained through processing a synthetic
data sample. As can be seen, the AM2D estimator provides a high-quality reconstruction
of the Young’s modulus when combined with STREAL enhancement. The “ground truth”
reconstruction image was obtained by processing the ground truth displacement field,
which was used to find the displacements of scatterers, using the iterative Young’s modulus
reconstruction algorithm described earlier.

Table 2. Specificity, sensitivity, and kappa statistics for the agreement of thresholded inclusions of
each displacement estimator compared to the ground truth.

Displacement
Estimator

Specificity
Pre-STREAL

Specificity
Post-STREAL

Sensitivity
Pre-STREAL

Sensitivity
Post-STREAL

Kappa Statistic
Pre-STREAL

Kappa Statistic
Post-STREAL

AM2D 0.99 ± 0.004 0.99 ± 0.006 0.96 ± 0.02 0.97 ± 0.03 0.92 ± 0.02 0.91 ± 0.02

GLUE 0.99 ± 0.005 0.98 ± 0.007 0.95 ± 0.04 0.95 ± 0.05 0.90 ± 0.02 0.88 ± 0.03

OVERWIND 0.99 ± 0.005 0.98 ± 0.006 0.93 ± 0.03 0.93 ± 0.05 0.90 ± 0.03 0.88 ± 0.03

SOUL 0.99 ± 0.007 0.98 ± 0.008 0.94 ± 0.02 0.94 ± 0.04 0.86 ± 0.03 0.85 ± 0.03
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To further demonstrate/compare the quality of Young’s modulus reconstruction in
conjunction with each of the displacement field estimators, Figure 4 shows images of
reconstructed Young’s modulus in tissue mimicking phantoms. Reconstructed images are
shown for each displacement estimator with and without STREAL enhancement. This
figure also demonstrates that the AM2D estimator provides a high-quality reconstructed
image as compared to the “ground truth” image, but at a very low computational cost.
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Figure 4. Reconstructed Young’s modulus images of a tissue mimicking phantom obtained with each
displacement estimator with and without STREAL enhancement.

To evaluate the performance and effectiveness of the four displacement estimators
in the context of quality of reconstructed Young’s modulus images, contrast-to-noise
ratio (CNR), signal-to-noise ratio (SNR), and inclusion to background Young’s modulus
ratios for each reconstructed image were computed, and results pertaining to the tissue
mimicking phantom are summarized in Table 3. This table indicates that all estimators lead
to high CNR and SNR for reconstructed Young’s modulus images, while using STREAL
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enhancement with the AM2D and GLUE estimators leads to little change in the respective
image CNR and SNR. The table shows that, among the estimators, OVERWIND consistently
led to a substantial increase in the CNR and SNR of the reconstructed Young’s modulus
images. The ground truth inclusion to background Young’s modulus ratio is 1.86. This
indicates that the AM2D, GLUE, and SOUL displacement estimators lead to reasonably high
accuracy, while the OVERWIND estimator shows poor performance in Young’s modulus
reconstruction.

Table 3. CNR, SNR, and inclusion in the background Young’s modulus ratio values obtained for
reconstructed Young’s modulus images of phantoms computed using each displacement estimator
with and without STREAL enhancement.

Displacement
Estimator

CNR
Pre-STREAL

CNR
Post-STREAL

SNR
Pre-STREAL

SNR
Post-STREAL

Ratio
Pre-STREAL

Ratio
Post-STREAL

AM2D 38.3 34.4 19.9 17.9 2.08 2.08

GLUE 47.4 44.4 24.1 27.9 2.17 2.19

OVERWIND 35.6 44.7 21.7 27.8 2.6 2.7

SOUL 61.5 39.0 32.1 20.8 2.1 2.1

Strain imaging is common for obtaining an approximate distribution of tissue stiffness.
To evaluate the performance and effectiveness of the four displacement estimators in the
context of strain image quality, axial and lateral strain fields pertaining to the phantoms’
dataset were analyzed. Figure 5 illustrates axial strain images of the tissue mimicking phan-
tom obtained with each displacement estimator, with and without STREAL enhancement.
Table 4 presents results summary of corresponding CNR, SNR, and Young’s modulus ratio
values obtained for the phantom dataset using each displacement estimator with and without
STREAL enhancement. The figure and table indicate that the AM2D estimator provides a
reasonably good-quality axial strain image but at a very low computational cost compared to
other estimators. The table also indicates that the CNR and SNR values of axial strain images
were slightly improved through the application of STREAL enhancement. Furthermore,
while there is further deviation from the true value, the Young’s ratio values obtained from
these images once again show that AM2D leads to the most accurate estimates.

Appl. Sci. 2023, 13, x FOR PEER REVIEW  9  of  21 
 

 

Figure 5. Axial strain images of the tissue mimicking phantom obtained using each displacement 

field estimator applied with and without STREAL enhancement. Differences between each image 

and its STREAL enhanced version is subtle. 

Table 4. CNR and SNR values obtained for axial strain images of tissue mimicking phantom com-

puted using each displacement estimator with and without STREAL enhancement. 

Displacement Es‐

timator 

CNR   

Pre‐STREAL 

CNR   

Post‐STREAL 

SNR   

Pre‐STREAL 

SNR   

Post‐STREAL 

Ratio   

Pre‐STREAL 

Ratio   

Post‐STREAL 

AM2D  12.6  14.55  1.15  1.4  2.22  2.19 

GLUE  11.6  11.7  4.7  4.8  2.88  2.87 

OVERWIND  48.0  48.4  46.2  46.9  4.0  3.95 

SOUL  28.6  28.9  7.7  7.9  2.59  2.61 

A similar analysis was performed to evaluate the quality of lateral strain images us-

ing each of the displacement estimators with and without STREAL enhancement. As an 

example, Figure 6 illustrates  lateral strain  images of the tissue mimicking phantom ob-

tained with each displacement estimator, with and without STREAL enhancement. Table 

5 presents a summary of the pertinent CNR and SNR values obtained for the phantom 

dataset using each displacement estimator with and without STREAL enhancement. The 

figure and table indicate that the CNR and SNR improvements in lateral strain achieved 

through STREAL enhancement are highly remarkable. More particularly, Figure 6 shows 

that, through STREAL enhancement, the lateral strain image obtained with the AM2D es-

timator transforms from almost an entirely noisy image to a relatively high-quality image 

where the inclusion is highly distinguishable. This is confirmed by the data given in Table 

5, which shows that the CNR and SNR were increased by factors of over 20 and 1.6 times, 

respectively. It is noteworthy that the Young’s modulus ratios are not reported in the table, 

as lateral strains do not provide a good estimate of this ratio due to the high spatial vari-

ability of the stresses in the lateral direction. 

Figure 5. Axial strain images of the tissue mimicking phantom obtained using each displacement
field estimator applied with and without STREAL enhancement. Differences between each image
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Table 4. CNR and SNR values obtained for axial strain images of tissue mimicking phantom computed
using each displacement estimator with and without STREAL enhancement.

Displacement
Estimator

CNR
Pre-STREAL

CNR
Post-STREAL

SNR
Pre-STREAL

SNR
Post-STREAL

Ratio
Pre-STREAL

Ratio
Post-STREAL

AM2D 12.6 14.55 1.15 1.4 2.22 2.19

GLUE 11.6 11.7 4.7 4.8 2.88 2.87

OVERWIND 48.0 48.4 46.2 46.9 4.0 3.95

SOUL 28.6 28.9 7.7 7.9 2.59 2.61

A similar analysis was performed to evaluate the quality of lateral strain images
using each of the displacement estimators with and without STREAL enhancement. As
an example, Figure 6 illustrates lateral strain images of the tissue mimicking phantom
obtained with each displacement estimator, with and without STREAL enhancement.
Table 5 presents a summary of the pertinent CNR and SNR values obtained for the phantom
dataset using each displacement estimator with and without STREAL enhancement. The
figure and table indicate that the CNR and SNR improvements in lateral strain achieved
through STREAL enhancement are highly remarkable. More particularly, Figure 6 shows
that, through STREAL enhancement, the lateral strain image obtained with the AM2D
estimator transforms from almost an entirely noisy image to a relatively high-quality image
where the inclusion is highly distinguishable. This is confirmed by the data given in Table 5,
which shows that the CNR and SNR were increased by factors of over 20 and 1.6 times,
respectively. It is noteworthy that the Young’s modulus ratios are not reported in the
table, as lateral strains do not provide a good estimate of this ratio due to the high spatial
variability of the stresses in the lateral direction.
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Figure 6. Lateral strain images of the tissue mimicking phantom obtained using each displacement
field estimator applied with and without STREAL enhancement. Lateral strain images obtained with
STREAL enhanced show remarkable improvement over their pre-enhancement counterparts.

Table 5. CNR and SNR values obtained for lateral strain image of the tissue mimicking phantom
computed using each displacement estimator with and without STREAL enhancement.

Displacement
Estimator

CNR
Pre-STREAL

CNR
Post-STREAL

SNR
Pre-STREAL

SNR
Post-STREAL

AM2D 0.47 9.7 0.29 0.45
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Table 5. Cont.

Displacement
Estimator

CNR
Pre-STREAL

CNR
Post-STREAL

SNR
Pre-STREAL

SNR
Post-STREAL

GLUE 6.8 16.8 2.2 4.5

OVERWIND 3.3 17.5 10.0 29.9

SOUL 7.1 14.3 1.67 2.2

For evaluating the performance of the displacement estimators with and without
STREAL enhancement on clinical data, constructed Young’s modulus, axial strain, and
lateral strain images pertaining to 3 patients in the dataset are presented. Figures 7–9 show
images of the reconstructed Young’s modulus, axial strain, and lateral strain, respectively,
for Patient 1. Similarly, Figures 10–12 show images of the reconstructed Young’s modulus,
axial strain, and lateral strain, respectively, for Patient 2, while Figures 13–15 show images
of the reconstructed Young’s modulus, axial strain, and lateral strain, respectively, for
Patient 3. Each reconstruction is associated with a table of CNR, SNR, and ratio (Tables 6–8).
Generally, the quality of all images generated using the OVERWIND estimator is poor
compared to images generated using other estimators. Except for the OVERWIND estima-
tor, other estimators led to reasonably high-quality images. Among AM2D, GLUE, and
SOUL estimators, AM2D led to noisier images, while preserving necessary information,
including stiffness values and tumor shape. This once again indicates the advantage of the
AM2D estimator, which has much higher computational efficiency at the cost of losing little
image quality. Like the phantom case, it is also observed that STREAL enhancement has
the highest influence on lateral strain images with all estimators. Again, this enhancement
transforms almost entirely noisy lateral strain images into high-quality images where both
tumor shape and its stiffness can be estimated. For lateral strain images, the STREAL
enhancement in conjunction with AM2D, GLUE, and SOUL estimators demonstrates re-
markable improvement, as this enhancement transforms very low-quality images into
images where the tumors are quite distinguishable.
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Figure 7. Reconstructed Young’s modulus images of Patient 1 computed from displacement fields
obtained by each displacement estimator with and without STREAL enhancement. Approximate
tumor ROI is highlighted in red based on outlines provided in [11]. AM2D provides reasonably
high-quality images at a very low computational cost.
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Table 6. CNR, SNR, and Inclusion to background Young’s modulus ratios obtained for axial strain images
of Patient 1 computed using each displacement estimator with and without STREAL enhancement.

Displacement
Estimator

CNR
Pre-STREAL

CNR
Post-STREAL

SNR
Pre-STREAL

SNR
Post-STREAL

Ratio
Pre-STREAL

Ratio
Post-STREAL

AM2D 32.9 658.0 14.7 416.7 1.8 2.7

GLUE 15.2 15.7 5.5 5.9 1.6 1.6

OVERWIND 42.0 42.2 15.3 15.0 1.6 1.6

SOUL 9.8 10.6 2.1 2.2 1.3 1.3
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Figure 9. Lateral strain images of Patient 1 computed from displacement fields obtained by each
displacement estimator with and without STREAL enhancement. AM2D with STREAL enhancement
provides reasonably high-quality images at a very low computational cost.
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Figure 10. Reconstructed Young’s modulus images of Patient 2 computed from displacement fields
obtained by each displacement estimator with and without STREAL enhancement. Approximate
tumor ROI is highlighted in red [11]. AM2D provides a reasonably high-quality image at a very low
computational cost.

Table 7. CNR, SNR, and inclusion to background Young’s modulus ratios obtained for axial strain images
of Patient 2 computed using each displacement estimator with and without STREAL enhancement.

Displacement
Estimator

CNR
Pre-STREAL

CNR
Post-STREAL

SNR
Pre-STREAL

SNR
Post-STREAL

Ratio
Pre-STREAL

Ratio
Post-STREAL

AM2D 10.1 16.3 7.0 12.3 3.3 4.1

GLUE 14.6 15.1 9.8 9.7 3.0 2.8

OVERWIND 3.1 3.36 0.62 0.72 1.2 1.27

SOUL 16.4 17.2 10.2 11.1 2.6 2.83
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quality images at a very low computational cost.
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Table 8. CNR, SNR, and inclusion to background Young’s modulus ratios obtained for axial strain images
of Patient 3 computed using each displacement estimator with and without STREAL enhancement.

Displacement
Estimator

CNR
Pre-STREAL

CNR
Post-STREAL

SNR
Pre-STREAL

SNR
Post-STREAL

Ratio
Pre-STREAL

Ratio
Post-STREAL

AM2D 50.0 35.1 40.7 29.6 5.4 6.3

GLUE 12.6 10.6 9.5 7.4 4.0 3.3

OVERWIND 59.1 89.3 37.8 44.0 2.8 2.0

SOUL 40.9 34.9 34.4 27.1 5.9 2.7
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Figure 15. Lateral strain images of Patient 3 computed from displacement fields obtained by each
displacement estimator with and without STREAL enhancement. AM2D with STREAL enhancement
provides reasonably high-quality images at a very low computational cost.

Overall, in all images, the AM2D estimator shows a good ability to clearly show
increased stiffness with clear heterogeneity within the tumor. GLUE and SOUL show much
smoother versions of the same image in AM2D, while OVERWIND provides only some
increase in the stiffness of the ROI. Figure 16 shows a hypothetical image fusion of B-mode
and Young’s modulus generated for Patients 1, 2, and 3 that can be provided in the clinic.
The Young’s modulus images are obtained through the data inversion of displacements
computed by the AM2D estimator with STREAL enhancement.
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5. Discussion

This investigation evaluates the performance of four commonly used tissue displace-
ment estimation methods developed for US elastography. The methods are, namely, AM2D,
GLUE, OVERWIND, and SOUL. They were evaluated both as stand-alone methods and in
combination with the STREAL method, which was recently developed to enhance tissue
displacement fields aimed at US elastography applications. The assessment was performed
using datasets consisting of data pertaining to in silico and tissue mimicking phantoms
undergoing US imaging in addition to clinical data. When applied to synthetic data, com-
pared with the other measures, the AM2D displacement estimator, by far, provides the
best quality of Young’s modulus reconstruction with much higher computational efficiency
compared to other estimators. This estimator has the added benefit of substantially improv-
ing the inclusion-to-background Young’s modulus ratio when combined with the STREAL
enhancement method founded on tissue mechanics regularization. The other displacement
estimators tend to blur the edges of the inclusion, which may be the source of the ratio
error as it leads to the underestimation of the inclusion’s Young’s modulus. The in-silico
phantoms results indicate that both OVERWIND and SOUL estimators provide minimal im-
provements over GLUE but take much longer to compute compared to AM2D. This makes
them difficult to recommend in a real-time scenario where run-time is of the utmost impor-
tance. Tissue mechanics-based regularization applied through the STREAL enhancement
method provides the most improvement when applied to the AM2D estimator. This may
be partially due to the displacement field over-smoothing effect applied in other methods,
which can lead to excessive loss of actual displacement information. Furthermore, the more
advanced and complicated displacement estimators have increasingly many parameters,
which makes it more difficult to accurately tune the algorithm for maximum performance.
Moreover, the sophisticated window-based approach in OVERWIND was designed to
handle large changes in displacement and preserve value; however, it is possible that this
same mechanism can sometimes allow artifacts and issues in the displacement field to pass
through where they otherwise should be smoothed. SOUL, on the other hand, provides a
much smoother image than GLUE; however, the former risks excessive smoothing, while
the potential benefit is not worth the increased runtime and should be reconsidered if its
algorithm implementation is optimized.

When applied to the tissue mimicking phantom, the AM2D estimator performed
very well relative to the other estimator as it produces high-quality images for a very low
runtime requirement. The quality of the reconstructed images measured by CNR and
SNR is comparable, while the STREAL enhancement led to little change in these measures
except for OVERWIND, where the enhancement led to substantial improvement. For strain
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images, the STREAL enhancement led to only a little improvement of axial strain with all
four displacement estimators, whereas the improvement achieved with the lateral strain
was highly remarkable, especially with the AM2D estimator. This observation is consistent
with [19]. Overall, the difference in reconstruction quality with and without STREAL is
quite subtle and, in some cases, seems to decrease CNR and SNR. The decrease in metrics
is of relatively trivial magnitude compared to the overall CNR and SNR and could be
attributed to subtle changes in the noise content. Nonetheless, the idealistic nature of
the tissue mimicking phantoms and indeed the in silico phantoms means that the quality
of the axial displacement alone is enough to reconstruct the Young’s modulus with high
quality. While this indicates that STREAL has left little room for improvement in the
studied phantoms, the impacts of STREAL are best exemplified in the clinical cases where
the prominence of the inclusion was increased since the noise in these cases is substantial
in both axial and lateral directions.

In the clinical cases presented in this investigation, the AM2D estimator provides
Young’s modulus images with remarkable heterogeneity. While this is consistent with a
heterogeneous stiffness distribution expected in tumor tissue, a lack of underlying ground
truth makes this difficult to ascertain. The GLUE estimator provides a more homogenous-
appearing mass, which may be more appealing to clinicians. Moreover, the OVERWIND
and SOUL estimators do not appear to provide a significant benefit as compared to the
GLUE estimator, which has a significantly higher runtime. It must be noted that the
CNR/SNR and ratios of the clinical reconstruction should be interpreted cautiously as the
underlying stiffness distribution and, more importantly, its heterogeneity are unknown;
hence naïve comparisons of SNR and CNR are not appropriate as the true variance in the
background is not known.

One important aspect of the AM2D estimator is its ability to create high quality strain
images at high speed for real-time image assessment. This study indicates that the AM2D
estimator with STREAL enhancement is vastly superior in its quality to runtime ratio,
as can be seen in both the tissue mimicking phantom and clinical examples, where the
inclusion or tumor is clearly visible.

It is noteworthy that with all of the tissue motion tracking techniques using US, the
quality of the estimated displacement field is highly dependent on the consistency of the
selected pair of RF frames corresponding to the pre- and post-compression states of the
tissue. In other words, the two frames must represent the same tissue plane as much as
possible. The greater the deviation from this situation, the lower the quality of the estimated
displacement field. The recently developed method known as PCA-GLUE [18], which is a
variant of the GLUE method optimized with machine learning, can be used for assessing
RF frame pair quality. Given the high speed of the AM2D displacement estimator, it should
also be possible to consider it a good candidate for real-time frame pair quality assessment
before near imaging at near real-time rates. This concept is demonstrated in the flowchart
shown in Figure 17.
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in the clinical setting. The red box indicates a real-time loop that the clinician can use to assess the
quality of images in real time, where once a sufficiently high-quality strain image is found, it can be
processed to reconstruct reliable Young’s modulus image.
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This investigation clearly demonstrates the image quality superiority of full-
reconstruction imaging, where it is observed that SNR and CNR values are substantially
higher for the tissue mimicking phantom at the reconstructed Young’s modulus level
compared to their strain image counterparts. Moreover, Young’s modulus images are
much easier to interpret, as can be seen in Figures 7, 10 and 13, with an overlay indicating
substantially stiffer tissue.

Some limitations of this study include the small number of tissue mimicking and
clinical examples and the lack of underlying validation for the stiffness field of the clinical
examples. Some future suggestions for this work would be to develop better tissue-
mimicking samples that include heterogeneity, whether synthetic or physical, to evaluate
the preservation of heterogeneity in the sample. Another obvious future direction is
including a large clinical study to achieve more concrete conclusions. Moreover, a prototype
imaging system should be developed and taken to clinical trials to determine which
displacement estimator results in improved decision-making ability. Alternatively, data
could be collected along with biopsy-confirmed results to attempt to create a diagnostic
criterion for this new generation elastography system.

Some notable non-inclusions in this study are normalized correlation coefficient meth-
ods and their variants, and deep-learning-based methods. NCC methods were not included
in this investigation because the quality of the strain images; they produce low-quality
displacement fields compared to the selected four estimators. The lack of sufficient qual-
ity associated with these methods is expected to impact reconstructed Young’s modulus
images [45,46]. Moreover, NCC-based methods are not as computationally efficient as
dynamic programming methods. Deep-learning-based methods were also not included in
this investigation, as the performance of the network is highly dependent on the training
data and the very specific architecture used [43–47], and deep learning methods should be
evaluated on a case-by-case basis. Moreover, this investigation is primarily a CPU-based
comparison; hence, including deep learning would lead to largely invalid conclusions
about computation efficiency, as either they would be unfairly hampered by running on
CPU or unfairly advantaged by running on GPU.

The diagnosis of breast cancer is an inherently multi-faceted and non-binary process
where clinicians must consider many different sources of evidence and come to a prob-
ability of malignancy or benign findings, which will inform the clinical course of action.
Mathematical tools have been developed for this precise situation, including Dempster-
Shafer Theory (DS Theory) and Fuzzy Logic, which are meant to provide a mathematical
framework for integrating multiple sources of evidence and to deal with “continuous”
logic, where probabilities are used rather than Boolean values.

DS Theory is based upon Bayesian theories of subjective probability. It deals with
mathematical constructs called “belief functions,” which integrate the answers to one
question to influence the confidence or “belief” in a related question. In the domain of
breast cancer diagnosis, it has been used to create new neural network methodologies that
integrate multiple measures of breast lesion texture and pharmacokinetic parameters [48]
to achieve superior results compared to traditional classifiers.

Fuzzy logic was developed specifically to handle situations in which the truth value
of some statement is not a Boolean value and is in fact a continuum between 0 and 1. In
the case of breast cancer, it is not simply enough to assign it malignant or benign, as it
cannot be known whether all benign lesions will remain that way or whether a malignant
lesion will necessarily become life-threatening (overdiagnosis). Fuzzy logic was developed
to tackle such an issue and has been used in diagnostic methods specifically to diagnose
breast cancers [49].

The potential future direction of this work is to integrate the elastography technique
identified as highly effective into such classification methodologies to improve the accuracy
of breast cancer detection systems.
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6. Conclusions

Full-inversion-based Young’s modulus reconstruction is data-quality dependent. If
reasonably high-quality data are available, simpler displacement estimators like AM2D
with STREAL enhancement may be used to great effect, as they can produce accurate
Young’s modulus images with a small runtime compared to other estimators. For axial
strain imaging, STREAL enhancement offers little improvement when used in conjunction
with every displacement estimator. For lateral strain imaging, which can be used for better
conditioning of the elastography inverse problem, STREAL enhancement, especially when
used along with AM2D, offers a great improvement. As it currently stands, compared to
AM2D, OVERWIND, SOUL, and somewhat GLUE are too computationally intensive to
be considered in a real-time system, while there is little evidence that they may lead to
higher-quality stiffness image reconstruction.
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