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ABSTRACT

Accurate methods of staging breast cancer-related lymphedema (BCRL) are lacking and have become a major
cause of concern among clinicians. However, with the application of novel techniques in ultrasound elastography,
clinicians may be able to better assess BCRL and provide
targeted treatments to reduce the progression of this condition. In this paper, we propose to use strain images estimated
using quasi-static ultrasound elastography techniques to investigate its usefulness in staging lymphedema. We further
propose a novel approach for estimating the strain images
from two frames of ultrasound data. Using data collected
from two patients with lymphedema, we show that strain
images can potentially be used to accurately diagnose lymphedema. Using phantom and in-vivo data, we further show
that the proposed strain estimation technique substantially
outperforms previous work.
Index Terms— Breast Cancer, Lymphedema, Ultrasound
elastography.
1. INTRODUCTION
Failure of the lymphatic system results in tissue inflammation, adipose tissue hypertrophy, and fibrosis [1]. Collectively, these pathological adaptations result from the condition known as lymphedema. Primary or innate lymphedema
can occur due to anomalous development of the lymph nodes
or lymphatic vessels [2], and secondary lymphedema is normally caused by trauma, infection, tumor infiltration, surgical dissection of lymph nodes, or radiation therapy [3].
Secondary lymphedema is substantially more common than
the primary condition. Most cases of upper-extremity lymphedema emerge after breast cancer surgery and radiation
treatment [1]. Lymphedema is often categorized into four
stages [4]. In this study, we focus on Stage 2 lymphedema
of the arm following breast cancer surgery or radiation. At

Stage 2 or moderate lymphedema, the tissue underneath the
skin such as subcutaneous fat and skeletal muscle becomes
harder and thicker with evident inflammation and swelling of
the limb. The progress can be controlled with treatment, but
there is usually no remedy for the tissue damage.
Early detection and staging of lymphedema are critical
for choosing the appropriate treatment and for monitoring the
prognosis. Ultrasound imaging can be used to investigate the
changes in the subcutaneous tissue that are associated with
lymphedema, which include increased thickness of the dermis, a shift from hypo- to hyperechogenicity of the subcutis,
and fluid retention located in the dermis, interlobular space,
and superficial fascia [5]. However, ultrasonic appearance of
these changes can be negligible and hard to detect. Therefore,
changes in mechanical properties are explored in [6, 7, 8]
by focusing on poroelasticity. Recent work has also applied
compression with the ultrasound probe, and used B-mode ultrasound to manually measure tissue thickness [3, 9, 10, 11].
This measurement can be performed with greater accuracy
by using the Radio-Frequency (RF) data instead of the Bmode image, and by using Time Delay Estimation (TDE)
methods that are widely used in quasi-static ultrasound elastography [12, 13, 14, 15, 16]. Another difficulty in manually measuring the thickness of skin lies in normalization of
the applied pressure: when comparing the thickness of the
two arms, the applied pressure should be equal. Therefore,
new research has proposed to use pressure sensors to generate equal pressure in both arms [17]. In this work, we propose
to use an acoustic gel pad to normalize the applied pressure
on the tissue. In addition to normalizing the applied pressure,
the gel pad will increase the resolution of ultrasound data at
the skin.
In this study, we introduce a novel method for characterizing tissue properties in women who have been diagnosed
with Stage 2 breast cancer-related lymphedema (BCRL). This
novel method involves the calculation of TDE using RF data,
and to use TDE to calculate the strain values for the subcu-

taneous fat and skeletal muscle layers in the affected and unaffected arms. To the best of our knowledge, this is the first
time that this approach is used in studying the effect of lymphedema on tissue property characteristics. More specifically,
the contributions of this work are:
1. Proposing a novel method for TDE for quasi-static elastography using the second-order Taylor expansion
2. Proposing a novel method for optimization of the cost
function based on Efficient Second-order minimization
(ESM) [18]
3. Introducing a novel metric based on ultrasound elastography for comparing affected and unaffected arms
in patients with lymphedema
The new method is based on our recent work entitled GLUE
[19]: GLobal Ultrasound Elastography. We introduce two
novel techniques to substantially improve GLUE. We therefore call our method GLUE2, and we show that it substantially outperforms GLUE using results on a tissue-mimicking
phantom and in − vivo patient data.
2. METHODS
We now briefly describe the closely related previous work of
GLUE [19], followed by a presentation of GLUE2.
2.1. GLobal Ultrasound Elastography (GLUE)
Let I1 and I2 be images of size m × n obtained before and
after some deformation. Also, let ai,j and li,j denote be axial
and lateral displacements of sample (i, j), where i = 1 · · · m
and j = 1 · · · n. First, an estimate of the displacement estimates in the axial (ai,j ) and lateral (li,j ) directions are calculated using the Dynamic Programming Analytic Minimization (DPAM) method [20]. The goal of GLUE is to find
subsample ∆ai,j and ∆li,j displacements such that the duple
(ai,j + ∆ai,j , li,j + ∆li,j ) provides accurate axial and lateral
displacement estimates for all the samples of the RF frame
simultaneously. The GLUE cost function is defined as:
C(∆a1,1
P
P,m· · · , ∆am,n , ∆l1,1 , · · · , ∆lm,n ) =
n
j=1
i=1 {D(i, j) + R(i, j)}

(1)

where the data term D and the regularization term R are:
D(i, j) = [I1 (i, j) − I2 (i + ai,j + ∆ai,j , j + li,j + ∆li,j )]2 ,
(2)
R=
α1 (ai,j + ∆ai,j − ai−1,j − ∆ai−1,j )2
+β1 (li,j + ∆li,j − li−1,j − ∆li−1,j )2
(3)
+α2 (ai,j + ∆ai,j − ai,j−1 − ∆ai,j−1 )2
+β2 (li,j + ∆li,j − li,j−1 − ∆li,j−1 )2 ,
and α and β are regularization weights in axial and lateral
directions respectively.

2.2. Incorporation of the Second-Order Taylor Expansion into the Cost Function
GLUE uses the first order Taylor expansion to make the cost
function in Eq. 1 quadratic. Including higher order derivatives for the data term can improve the accuracy of displacement estimation. However, doing so will make the derivative
of Eq. 11 nonlinear, and therefore the optimization problem
becomes intractable given that this equation has millions of
variables.
We propose a novel technique to incorporate the secondorder Taylor expansion into the cost function while keeping
the problem computationally efficient. Our cost function is
C=

n X
m
X
{w(i, j)D(i, j) + R(i, j)}

(4)

j=1 i=1

where w is the weight of each data term:
w(i, j) =

1
 + |I”(i, j)2,a | + |I”(i, j)2,l |

(5)

and  is a small positive constant to prevent the denominator to become zero, and |I”2,a | and |I”2,l |) are the absolute
values of second-order derivatives in the axial and lateral directions respectively. The introduced weight r reduces the
contribution of regions of the RF-data with high second-order
derivatives. Therefore, we incorporate second-order derivatives while maintaining the quadratic form of the cost function.
2.3. Efficient Second-order Minimization (ESM)
The second technical contribution of this work is that we
utilize the Efficient Second-order Minimization (ESM) optimization method [18] for the first time for TDE. ESM is
shown to have superior convergence properties [21, 22, 23]
compared to the asymmetric Gauss-Newton optimization
method used in [19].
Let p = (i + ai,j , j + li,j ) denote a vector containing
the coordinate of a pixel after an approximate displacement
(ai,j , li,j ), and consider p + ∆p = (i + ai,j + ∆ai,j , j + li,j +
∆li,j ) as its refined location after a small displacement estimate (∆ai,j , ∆li,j ). Thus, for a second-order Taylor series of
I2 we have:
0
0
I2 (p + ∆p) = I2 (p) + I2,a
(p)∆ai,j + I2,l
(p)∆li,j +
1
1
2
2
3
3
I”
(p)∆a
+
I”
(p)∆l
+
χ(∆a
, ∆li,j
)
2,a
2,l
i,j
i,j
i,j
2
2

(6)
3
where χ(∆a3i,j , ∆li,j
) is a third-order reminder. Similarly,
0
we can write the Taylor series of the derivatives I2,a
(p + ∆p)
0
and I2,l (p + ∆p) about point p:
0
0
I2,a
(p + ∆p) = I2,a
(p) + I”2,a (p)∆ai,j + χ(∆a2i,j ),
0
0
2
I2,l
(p + ∆p) = I2,l
(p) + I”2,l (p)∆li,j + χ(∆li,j
)

(7)
(8)

Inserting Eq. 7, and 8 in Eq. 6 to eliminate I”2,a (p) and
I”2,l (p) leads to:
0
0
I2 (p + ∆p) = I2 (p) + 21 {I2,a
(p) + I2,a
(p + ∆p)}∆ai,j +
1
0
0
{I
(p)
+
I
(p
+
∆p)}∆l
i,j
2,l
2,l
2
(9)
0
Using similarity of RF data approximation i.e. I2,a
(p +
0
0
0
∆p) ≈ I1,a
(p) and I2,l
(p + ∆p) ≈ I1,l
(p), and inserting in
Eq. 9, gives a second order approximation of I2 in (p + ∆p):
0
0
(p) + I1,a
(p)}∆ai,j +
I2 (p + ∆p) = I2 (p) + 12 {I2,a
1
0
0
{I
(p)
+
I
(p)}∆l
i,j
2,l
1,l
2

(10)
Utilizing Eq. 10 in our cost function of Eq. 4, we have:
C(∆a
Pn 1,1
P,m· · · , ∆am,n , ∆l1,1 , · · · , ∆lm,n ) =
j=1
i=1 {ri,j [I1 (i, j) − I2 (i + ai,j , j + li,j )−
1 0
1 0
0
0
2
2 (I2,a (p) − I1,a (p))∆ai,j − 2 (I2,l (p) − I1,l (p))∆li,j ]
+R(i, j)}
(11)
0
0
0
0
where I1,a
, I2,a
, I1,l
and I2,l
are calculated at the point (i +
ai,j , j + li,j ). This equation is a quadratic equation with respect to the unknowns ∆ai,j and ∆li,j , and therefore can be
efficiently optimized by setting its derivative with respect to
the unknowns to zero.

(a) CIRS phantom

(b) B-mode image

(c) GLUE axial strain

(d) GLUE2 axial strain

Fig. 1. Results of the data collected from the CIRS phantom.

3. RESULTS
RF data is collected with an Alpinion E-Cube system (Bothell, WA) using the L3-8 transducer at the centre frequency of
10 MHz and the sampling rate of 40 MHz from a tissue mimicking phantom and two patients with Stage 2 lymphedema.
The patient data is collected at McGill University Health Centre (MUHC) Lymphedema clinic. The study was approved by

MUHC Ethics Board, and both subjects provided written consent. We use the unitless metric strain ratio (SR) to quantitatively compare the results of the affected and unaffected limb.
SR is calculated for the subcutaneous fat and skeletal muscle
tissue using the following equations:
S¯m
S¯f
(12)
SRf = ¯ , SRm = ¯
Sg
Sg
where S¯g , S¯f and S¯m are the spatial average of the strain in
the gel pad, subcutaneous fat and muscle. All the spatial average values are calculated within a window of size 8mm×3mm
in the corresponding regions of the strain image. Note that the
same tissue can have different strain values depending on the
compression applied. The division by the average strain of the
gel pad normalizes the strain value and makes it independent
from the applied compression.
3.1. Results on Phantom Data
For experimental validation, RF data is acquired from a CIRS
elastography phantom (Norfolk, VA) with a Young’s Elasticity Modulus of 7KPa (Figure 1). The probe is hand-held as
shown in (a), and the gel pad is placed below the probe (not
clearly visible in (a)). The phantom is uniform, which leads to
an approximately uniform strain as depicted in (c) & (d). The
strain estimate of GLUE2, shown in part (d), is more uniform
than (c) as expected. To perform quantitative comparison of
GLUE and GLUE2, the unitless metrics signal to noise ratio
(SNR) and contrast to noise ratio (CNR) [12] are calculated
using the red rectangles marked in (b). The SNR values for
GLUE and GLUE2 are 17.50 and 17.76, and the CNR values
are 3.81 and 3.92 respectively. These numbers illustrate that
GLUE2 outperforms GLUE.
3.2. Results on Patient Data
The study population was composed of women with arm lymphedema resulting from breast cancer treatment. We placed
the 6 following landmarks on both arms to mark the location
of the data collection. Landmark locations are 20% the distance: between the styloid process of the pinkie and tip of it,
between the styloid process of the pinkie and olecranon, between olecranon and styloid process of pinkie, between olecranon and acromioclavicular (AC) joint, between AC joint
to olecranon, and finally 40% the distance of AC joint and
olecranon.
Figure 2 shows the strain results of three landmarks for
patient 1 in the affected arm using GLUE and GLUE2 methods. Each row represents a landmark on the patient arm. The
windows show the location of the boxes used for calculating
average strain and are placed on gel pad, fat, and muscular regions. The location of these windows is verified by a fellowship trained musculoskeletal radiologist (M. B.) specialized in
ultrasound imaging. We calculated SR utilizing GLUE2 for
2 patients in all 6 landmark locations, and show the average
results in every location in Table 1. The results show that SR
has consistently higher values for the unaffected compared to

Table 1. SR values for the six landmark locations of the unaffected (U) and affected (A) arms.
Fat
Location
Location 1
Location 2
Location 3
Location 4
Location 5
Location 6

U
0.50
0.31
0.33
0.31
0.76
1.27

A
0.32
0.12
0.21
0.19
0.29
0.85

Muscle
U
A
0.52
0.29
0.66
0.27
0.82
0.60
0.75
0.52
1.52
0.85
1.95
0.93

(a) Landmark 4, GLUE

(b) Landmark 4, GLUE2

(c) Landmark 5, GLUE

(d) Landmark 5, GLUE2

(e) Landmark 6, GLUE

(f) Landmark 6, GLUE2

Table 2. SR ratio of the unaffected arm divided by affected
arm (U/A) for each landmark location. The maximum values
are in bold font.
Location
1
2
3
4
5
6

Fat (U/A)
1.56
2.58
1.57
1.63
2.62
1.49

Muscle (U/A)
1.79
2.44
1.36
1.44
1.79
2.09

Sum
3.35
5.02
2.93
3.07
4.41
3.58

the affected arm, but a larger sample size is needed to draw
statistical conclusions.
To compare the SR measurements at different locations,
we divide the average SR values of the unaffected arm by the
affected arm from Table 1, and show them in Table 2. The ratio is shown for the fat and and muscle tissue types. In these
two women, the optimal locations for acquiring data to distinguish the affected from the unaffected arm are the landmark 2
and 5 for the subcutaneous fat and landmark 2 for the skeletal
muscle area (Table 2). To obtain the overall best location, we
add these two ratios at the fat and muscle regions, and show
the results in the last column of Table 2. The values demonstrate that locations 2, 5 and 6 have the highest difference
between the two arms. Data from more patients is needed to
establish statistical significance.
Another interesting observation from this table is that subcutis fat provides the highest difference between the SR values of the affected and healthy arms with a very high ratio of
2.76. Furthermore, the average SNR and CNR values are calculated for the GLUE and GLUE2 results of the landmarks
2, 5, and 6. These values are measured using the windows
of size 8mmx3mm in the subcutis fat (target) and gel pad
(background). The average SNR values are 6.67 and 7.31,
and average CNR values are 7.35 and 9.19 for the GLUE and
GLUE2 methods respectively. According to these results, the
proposed method outperforms the previous work, GLUE.
4. CONCLUSION
In this paper, we introduced a novel technique for calculating the strain images by estimating time delay between two
frames of RF data. We proposed a novel method that utilizes the second-order derivative of the data term to improve
the quality of the displacement estimation. We further introduced the ESM optimization technique in the ultrasound
elastography field. Our technique is global and estimates the

Fig. 2. Strain images of the affected arm at different locations.
2D displacement field of the entire image simultaneously,
and is further highly suitable for real-time elastography. We
further introduced the application of quasi-static ultrasound
elastography for detection of lymphedema. We proposed the
biomarker of SR (Strain Ratio), and showed that it is consistently different in the affected and healthy arms. Future work
will focus on applying GLUE2 to data from more patients to
test the observations of this study.
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