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A B S T R A C T

Ultrasound poroelastography is a non-invasive imaging modality that has been shown to be capable of esti-
mating mechanical parameters such as Young's modulus (YM), Poisson's ratio (PR) and vascular permeability
(VP) in cancers. However, experimental poroelastographic data are inherently noisy because of the requirement
of relatively long temporal data acquisitions often in hand-held mode conditions. In this paper, we propose a
new method, which allows accurate estimation of YM and PR from denoised steady state axial and lateral strains
by empirical orthogonal function (EOF) analysis of poroelastographic data. The method also allows estimation of
VP from the time constant (TC) of the first expansion coefficient (EC) of the temporal axial strain, which has
larger dynamic range and lower noise in comparison to the actual temporal axial strain curve. We validated our
technique through finite element (FE) and ultrasound simulations and tested the in vivo feasibility in experi-
mental data obtained from a cancer animal model. The percent relative errors (PRE) in the estimation of YM, PR
and VP using the EOF analysis as applied to ultrasound simulation data were 3.27%, 3.10%, 14.22%, respec-
tively (at SNR of 20 dB). Based on the high level of accuracy by EOF analysis, the proposed technique may
become a useful signal processing technique for applications focusing on the estimation of the mechanical be-
havior of cancers.

1. Introduction

The mechanical properties of cancers have a profound effect on
cancer development and metastasis and affect effectiveness of cancer
treatments [29,38]. The Young's modulus (YM) is a mechanical para-
meter, which is defined as the ratio of the applied axial stress and as-
sociated induced local axial strain in elastic solid materials [12] and
provides an indication of the stiffness of a tumor [50]. The Poisson's
ratio (PR) is related to the compressibility of tissues. It is defined as the
ratio of lateral strain to axial strain in a homogeneous material. In in-
homogeneous materials, the PR is related to the lateral to axial strain
ratio in a more complex manner [12]. Vascular permeability (VP) is
related to the compliance of fluid flow inside a poroelastic material and
is defined as the discharge of fluid per unit area between two points
having a unit pressure difference. The aforementioned parameters have
been shown to be of great clinical significance for the assessment of
cancers and related treatments. To date, there are only a few modalities
that can be used to image these parameters in vivo. YM can be imaged
by non-invasive imaging modalities, which include: ultrasound elasto-
graphy [42], ultrasound shear wave elastography [47] and magnetic
resonance elastography [36]. VP has been assessed using MRI-based

[8,11] and optical-based [34] methods. Recent work from our labora-
tory has demonstrated the feasibility of non-invasively imaging YM, PR
and VP using ultrasound poroelastography [27,28].

Ultrasound poroelastography is a technique that aims at imaging the
mechanical behavior of tissues related to fluid transport mechanisms
[43,44]. In poroelastography, the time dependent strains induced in a
tissue subjected to sustained compression are estimated and analyzed.
As the poroelastic material in steady state behaves as a linear elastic
solid, it is possible to estimate YM and PR from the strains in steady
state conditions. Additionally, the temporal behavior of the axial and
lateral strains is related to the VP and interstitial permeability (IP) of
the tissue, and this connection allows us to measure these parameters
from the analysis of the temporal strains [23,24].

In previous works, we have provided and tested methods to estimate
YM, PR and VP in tumors in a mouse animal model by using axial and
lateral strain elastograms obtained during a poroelastography experi-
ment [27,28]. In Ref. [27], we proposed a method to estimate YM and
PR in tumors of different shape. This method was then extended to
tumors with irregular boundaries [28]. Additionally, in Ref. [28], we
demonstrated that estimation of VP in regular/irregular shaped tumors
is possible by measuring the axial strain TC induced in a tissue during a
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poroelastography experiment. Methods proposed for estimation of axial
strain TC are mostly curve-fitting based [37]. However, estimation of
parameters from data by fitting a non-linear exponential function is
challenging because small changes in the data due to noise or incorrect
measurements can change the estimated parameter drastically [14]. In
addition, experimental strain data in vivo are noisy as poroelastography
experiments require prolonged data acquisitions oftentimes in free-
hand mode (at least one minute [27], and the quality of lateral strain
estimation, which is important in parameter reconstruction using por-
oelastography [27], is limited. The noise affecting the acquired strain
data in practical poroelastography experiments can create a large
number of local minima in the cost function of the strain TC estimator
increasing significantly the number of computations to find the global
minimum.

To denoise axial and lateral strains, several methods have been
proposed in the literature. Kalman filtering has been used in a number
of studies to remove noise from axial and lateral strains [17,21,32,45].
Geometric diffusion filtering has been proposed in Ref. [18] to denoise
the axial strains. Recently, we have proposed a filtering technique based
on a combination of Kalman and non-linear complex diffusion filters,
which has been shown to be very effective in removing noise from the
strains in fluid pressure estimation using poroelastography [25].
However, most of these techniques are effective in removing noise af-
fecting the spatial distribution of the strains but less effective in re-
moving noise affecting their temporal distribution. Additionally, the
common problem of all these techniques is that improvement of SNR is
achieved at the expenses of spatial resolution. The amount of lost
spatial resolution depends on the signal power of the filter, and this is
difficult to optimize in available techniques. EOF analysis has been
explored in Tyagi et al. [49] to denoise strains obtained from noisy
ultrasonic data while optimizing SNR improvement and spatial re-
solution reduction. However, this method was limited to the estimation
of spatial variations and is not applicable to poroelastography, where
the strains are time dependent, and estimation of both temporal and
spatial variations is necessary. In Ref. [9], EOF analysis was used to
improve estimation of the spatial distribution of elastographic strains.
This method does not allow estimation of any temporal characteristics
of the strains, rather it is used similarly to temporal averaging to im-
prove image quality. In Ref. [33], EOF analysis was used for automated
classification of tissue response to acoustic radiation force impulse ex-
citation.

In this paper, we propose the use of empirical orthogonal function
(EOF) analysis to denoise the axial and lateral strains obtained from
poroelastography experiments. EOF analysis is a popular method for
dimensionality reduction and determination of spatio-temporal pat-
terns in a data set [13,15,39]. EOF analysis works to find a new set of
variables that can capture most of the observed variance of the data
through a linear combination of the original variables. The EOF analysis
is designed for analyzing the variability of a single field, i.e., a field of
only one scalar variable (axial or lateral strain, in our case). The method
finds the spatial patterns of variability, their time variation and gives a
measure of the importance of each pattern.

EOF analysis is in essence a non-model based exploratory tool,
which is able to produce a time display and a space display of the space-
time field of a parameter of interest [4]. Thus, EOF analysis can be
particularly useful in poroelastography applications, where the space-
time behavior of the strains is of fundamental importance for the de-
termination of the tissue mechanical parameters. More specifically, EOF
analysis can be used to obtain the display of temporal and spatial
patterns of the strain variables with reduced noise. This allows us to
reconstruct the YM and PR from the denoised strain data based on the
first EC from EOF analysis only and used curve fitting technique on the
first EC to obtain the axial strain TC, which is needed to estimate the
VP. Our proposed method differs substantially from aforementioned
methods that used EOF in the context of strain imaging because our
analysis aims at estimating both the spatial and temporal distributions

of the strains to obtain different tissue mechanical properties.
Abbreviations used in this paperare given in Table 1.

2. Problem formulation

The schematic of a poroelastic sample under creep compression in a
poroelastography experiment is shown in Fig. 1. Although the inclusion
and sample can be of various shapes, we show a cylindrical sample with
spherical inclusion. We use this sample for the simulations because, in
most works in the literature, the tumor is reported or assumed to be of
spherical shape [1,38] and because the cylindrical shape assumption for
the sample is frequently used in elastography due to the way the sample
is compressed [22].

The equations for axial, lateral and volumetric strains in a por-
oelastic material depend on the geometry and boundary conditions and
contain an infinite number of exponentials. However, in a recent study
from our group [20], we have proved that the contribution of the first
exponential is dominant, and a negligible amount of error is introduced
in the analysis of the behavior of a poroelastic material if higher order
exponentials are not considered. In another work [19], we have de-
veloped a common model for strains in poroelastic materials of dif-
ferent geometry, boundary conditions and experimental protocol. In
Ref. [19], the equation for axial strain is developed as follows:

= + −s t η γe( ) ,t
τ (1)

where s t( ) is the axial strain temporal curve, η is the value of s at steady
state (i.e., at = ∞t ) and γ is a constant parameter, which differs based
on material properties and experimental protocol. Eq. (1) is applicable
for axial strain in a poroelastic sample irrespective of shape of the
sample and the inclusion. Assuming the microfiltration coefficient

≫χ k
a2 , where k is the interstitial permeability (IP) and a is fluid path,

we can write for axial strain TC

=τ
H χ

1 .
A (2)

Here, aggregate modulus, =
−

− +
HA

E ν
ν ν

(1 )
(1 2 )(1 ) and =χ Lp

S
V [23,24]. E and

ν are the YM and PR of the poroelastic sample. Lp and S
V
are the VP and

surface are to volume ratio of capillary walls inside the sample. Eq. (2)

Table 1
Abbreviation.

Term Abbreviation Term Abbreviation

Young's modulus YM Poisson's ratio PR
Vascular permeability VP Interstitial permeability IP
Time constant TC Empirical orthogonal

function
EOF

Expansion coefficient EC Finite element FE
Percent relative error PRE Radio frequency RF
Signal to noise ratio SNR Mega hertz MHz

Fig. 1. A schematic of a cylindrical sample of a poroelastic material with a
spherical inclusion of radius a. The axial direction is along the y-axis.
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is applicable for axial strain TC in both the inclusion and background
irrespective of shape of the inclusion, when the assumption ≫χ k

a2 is
satisfied. The condition ≫χ k a/ 2 implies that VP is dominant over the
IP. As the capillary vessels are distributed throughout the tumors, the
fluid flow and fluid pressure are the same everywhere, and the strains
and fluid pressure are spatially invariant inside the tumors. The strain
TC becomes function of only the VP for this case. However, if IP is
dominant or comparable to VP, fluid flow and pressure distribution are
spatially variant inside the tumor. In this case, the strain TC depends on
the VP as well as the IP of the tumors [23,26].

To estimate VP inside the poroelastic sample, axial strain TC, YM
and PR need to be estimated. The techniques for estimation of these
parameters along with the EOF analysis of axial and lateral strain data
to remove noise from the strains are discussed in the next sections.

3. Empirical orthogonal function analysis

3.1. Theory

The aim of EOF analysis is to find uncorrelated linear combinations
of a number of variables and their importance in variability of data by
finding the decomposition of a continuous space-time data field xS t( , ),
where t and x denote time and spatial positions, respectively
[13,15,39]. To achieve this goal, the first EOF accounts for the highest
variance in the data and each succeeding EOF has the largest possible
variance under the constraint that it is orthogonal to all former EOFs. As
a result, the computed EOFs become members of an uncorrelated or-
thogonal basis set. Therefore, through EOF analysis, we have to find a
vector = …E E E( , , )p

T
1 such that the columns of ES contain descending

variability and the Ei s are orthogonal to each other. This problem can
be written as an optimization problem as

∑
=

p
E dargmax ( ) ,

E j
i j

1

2

i (3)

where, dj is jth column of D, which is the matrix obtained after removal
of the time mean from the data matrix S containing poroelastic strains
(see Fig. 2). We refer to Ref. [4] for details on the process of removal of
the time mean from the matrix S. Additionally, the orthonormality
condition should be satisfied on Ei while solving eq. (3):

=E E δ ,i
T

j ij (4)

where superscript T denotes the transpose operation. We notice that

∑ = =
=

p
E d E D DE E RE( ) .

j
i j i

T
i
T

i i
T

1

2

(5)

The maximization of eq. (3) subject to eq. (4) gives

∇ − ∇ =u Ru λ u u( ) ( ) 0,T T (6)

where u is the optimization variable, ∇ is the gradient operator and λ is
a Lagrange multiplier. Further simplification of eq. (6) results in

=Ru λu. (7)

This equation can also be written as

=RC CΛ, (8)

where Λ is a diagonal matrix containing the eigenvalues = …λ i n, 1, ,i
of R. The column vectors of C are the eigenvectors of R, Ei corre-
sponding to the eigenvalues λi.

If we construct a matrix A with the ECs = …a i n, 1, ,i , A can be
determined as

=A DC. (9)

We can also reconstruct the original data from the EOFs and the ECs
using following formula

∑=
=

xD
n

a t E( ) ( ).
i

i i
1 (10)

Noisy signal matrix S can be reconstructed using D and time mean
subtracted from S. However, the first few EOFs carry more information
about the signal than noise and successive EOFs carry more information
about noise than the signal. Therefore, a common technique in many
signal analysis paradigms is to first use few EOFs, i.e., = <i q n to
obtain a cleaner version of the original noisy signal.

3.2. Data process

Axial and lateral strain data are represented as arrays containing 2D
data at each time point. Therefore, the axial/lateral strain data F is a
function of time x, y and t. We suppose that the horizontal coordinates
of F are discretized to yield = …x j p, 1, ,j 1, and = …y k p, 1, ,k 2, and
similarly for time, i.e. = …t i n, 1, ,i . The discretized field reads:

=F F x y t( , , ).ijk j k i (11)

with ≤ ≤ ≤ ≤i n j p1 , 1 1, and ≤ ≤k p1 2. It is in general tedious and
memory consuming to process three-dimensional arrays such as F. We
therefore transform F into a two-dimensional array: the data matrix S,
where the two spatial dimensions are concatenated together. We sup-
pose that we have a gridded data set composed of a space-time field
S t s( , )i j representing the value of the field F at time ti and spatial po-
sition x y( , )j k . The value of the field at discrete time ti and grid point sj is
denoted by = …S i nfor 1, ,ij and = … =j p p p1, , 1 2. The data struc-
ture for EOF analysis of poroelastic strains is shown in Fig. 2.

The EOF analysis algorithm along with data structure formation is
described in Box 1.

4. Determination of YM, PR and VP

To determine the YM, PR and VP of the tumor (inclusion) and
background tissue, we use the theories developed in Refs. [27,28]. In
brief, the YM and PR of the tumor are estimated using a cost function
minimization technique developed from Eshebly's inclusion theory
[12,35]. The cost function is the squared value of the difference be-
tween two expressions of the same eigen function inside the inclusion
developed in Eshelby and Mura's work [12]. One expression of the
eigen function incorporates the YM and PR of both the tumor and
normal tissue, and the other incorporates only the PR of normal tissue.
Both expressions use the axial and lateral strains at steady state from
the poroelastography experiment. If the tumor is of any other shape
than ellipse or sphere, its shape is approximated by an ellipse [27,28].

Eq. (1) is fit onto the first EC of the axial strain by curve fitting
technique to estimate the axial strain TC τ [37]. The VP of tumors/Fig. 2. Data structure of poroelastic strains for EOF analysis.
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normal tissue is estimated using the following formula [28]

=L
τ H
1 1 .p

A
S
V (12)

The block diagram for the proposed technique showing each step is
shown in Fig. 3.

5. Simulations

5.1. FE simulations

A commercial FE simulation software namely ABAQUS, Abaqus Inc,
Providence, RI, USA was used to create the displacements and strains of
poroelastic samples used in this study under boundary conditions mi-
micking the real ultrasound elastography experiments. An ‘effective
stress’ principle is used in ABAQUS [16], where the total applied stress
is assumed to be sum of the fluid stress and the elastic or effective stress.

The samples considered in our FE simulations are of cylindrical
shape with a spherical inclusion (Fig. 1). Because of the symmetry of
the sample and the inclusion, the solution plane for the sample can be
considered as 2D shown in Fig. 4. The samples were compressed from
top and the bottom side was kept static.

The poroelastic samples were modeled as linearly elastic, isotropic,
incompressible, permeable solid phases saturated with an in-
compressible fluid. For each sample, a single 2D solution plane (shown
in Fig. 4) was analyzed in ABAQUS. The mesh element type used for this
analysis was CAX4RP and there were 81,799 elements in the solution
plane. The dimension of the solution plane for all the simulated samples
is 20mm in width and 40mm in height. The radius of the inclusion was

7.5 mm. The zero fluid pressure boundary conditions on the right hand
side of the samples were imposed to ensure the flow of the fluid only in
the right direction.

An instantaneous stress of 1 kPa was applied for creep experiment
simulation. The total analysis was recorded for 60 s in each step of 0.1 s.
The readers are referred to Refs. [22,23] for detail of the poroelastic
simulation in ABAQUS.

The mechanical properties of the samples used in our simulations
were chosen following [30,38]. In all cases, the Poisson's ratio was
assumed to be 0.49 in the background (normal) tissue and 0.4/0.47 in
the inclusion (tumor) [30]. The Young's moduli of the tumor and
normal tissue were assumed to be 97.02/163.90 and 32.78 kPa [30]. S

V
has been chosen as 20,000 m−1 for both the tumor and normal tissue
following [29] for simulation cases. The description of the mechanical
properties of the poroelastic samples (samples A, B and C) used in this
study are shown in Table 2. In Table 2, subscripts i denotes the inclusion
and b denotes the background. The true axial/lateral strain TC for

Box 1
Algorithm for EOF analysis of poroelastic data

1. Form 2D data matrix S by concatenating the two spatial coordinates from poroelastic strain data F, which is three-dimensional (2D axial/
lateral strain at each time point).

2. Remove the mean value from each column of the data matrix S to obtain matrix D.
3. Find the covariance matrix =R D DT .
4. Find the eigenvalues and eigenvectors of R by solving =RC CΛ.
5. Find the biggest eigenvalues and their corresponding eigen vectors (EOFs).
6. Find the time variance of the EOFs (ECs) = ×a D Ei i (the projection of D onto ith EOF).
7. Reconstruct the denoised data matrix by = ∑ <

=
D a E q n( ),c i

q
i i1 . Denoised version of S, Sc can be computed using Dc and the mean value of

each columns of S.

Fig. 3. Block diagram of the proposed technique.

Fig. 4. The 2D solution plane for the three dimensional sample. The sample is
compressed between two compressor plates. The compression is applied along
the y direction.
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sample A, B and C inside the inclusion are 3.03, 2.88, 5.04 s and in the
background region is 9.43 s for all the samples shown in Table 2. These
values of strain TC have been computed following [30].

5.2. Ultrasound simulations

The simulated pre- and post-compression temporal ultrasound radio
frequency (RF) data were generated from the mechanical displacements
obtained from FE simulation using a convolution model [10]. Bilinear
interpolation was performed on the input mechanical displacement
data prior to the computation of the simulated RF frames [7]. The si-
mulated ultrasound transducer had 128 elements, frequency bandwidth
between −5 14 MHz, a 6.6 MHz center frequency, and 50% fractional
bandwidth at − 6 dB. The transducer's beamwidth was assumed to be
dependent on the wavelength and to be approximately 1mm at
6.6 MHz [44]. The sampling frequency was set at 40MHz and Gaussian
noise was added to set the SNR at 20, 30 or 50 dB. To compute the
elastograms from the pre- and post-compressed RF data, we used the
method described in Ref. [21].

An averaging filter of size 5×5 pixels is applied on all the estimates
(YM, PR, TC, VP) of ×128 128 pixels from ultrasound simulation.

5.3. Parameter setting in different methods

We compare the performance of the proposed method with that of a
Kalman filter, which is often used and has been found to be more ef-
fective in removing noise from axial and lateral strains than other
available techniques [21,45]. In the Kalman filter, the window length
along axial direction is chosen as 43 and along lateral direction as 13
[45]. Variable projection method is used for curve fitting on the axial
strain/first EC from EOF analysis to estimate the TC [41]. To compare
the performance of Kalman filter and the proposed method in esti-
mating strain TC from FE and ultrasound simulation data at different
noise levels, the initial guess is set to 0.1 times of the true value in the
variable projection method. In case of in vivo experiment data, the
initial guess is set to 10 s in the variable projection technique.

5.4. Image quality analysis of simulation results

Image quality of YM, PR and VP images was quantified using PRE
(percent relative error). The PRE is defined as

=
−

×
ρ ρ

ρ
PRE 100,e t

t (13)

where ρe is the mean estimated parameter i.e., YM, PR or VP of the
inclusion and ρt is its true parameter shown in Table 2.

6. Experiments

We performed in vivo experiments on two mice with triple negative
breast cancer, among which one is untreated and another is treated
with Liposomes loaded with Epirubicin and conjugated with Lox anti-
body on the particle surface [27]. The experimental protocol was ap-
proved by Houston Methodist Research Institute, Institutional Animal
Care and Use Committee (ACUC-approved protocol # AUP-0614-0033).
We performed the elastography experiments using a 38-mm linear array
transducer (Sonix RP, Ultrasonix, Richmond, BC, Canada) with a center

frequency of 6.6 MHz and bandwidth of −5 14 MHz. An aqueous ul-
trasound gel pad (Aquaflex, Parker Laboratories, NJ, USA) was placed
between the compressor plate and the animal. Creep experiments were
performed on the anesthetized animals, where a constant compression
was applied on the animal. A force sensor (Tekscan, Boston, MA, USA)
was used to measure the applied compression. The ultrasound RF data
acquisition was synchronized to the compression. We acquired data for
up to 1min with a sampling rate of 10 samples/second. The readers are
referred to Ref. [27] for details on the in vivo experiments.

To estimate the YM and PR of the tumor and normal tissues, we used
the method described in Ref. [27]. Accurate estimation of both axial
and lateral strains is required to obtain accurate estimation of YM and
PR using this method. We estimated the lateral and axial strains using
the technique proposed in Islam et al. [21].

The surface area to volume ratio of the capillary walls (S
V
) inside the

tumor was computed using the following equation [51]

=
S
V

fV10 ,t
g

(14)

where Vt is the volume of the tumor, which is computed as =V πl lt
4
3 1

2
2,

= = −f g54.68, 0.2021 [51]. Here, l1 and l2 are the lengths of lateral and
axial semi-axis of elliptic tumor in units of mm and S

V
is in units of

cm−1. For spherical shaped tumor, =l l1 2.

7. Results

7.1. FE simulations

Fig. 5 shows the results obtained from the FE simulations. Specifi-
cally, we show the reconstructed YM, PR, axial strain TC and VP ob-
tained from the strain data provided by the FEM, with no ultrasound
involvement, for sample A. These YM, PR, and VP images match the

Table 2
Description of the poroelastic samples.

Sample Ei (kPa) νi Lp i, (m(Pa s)−1) ki ( − −m N s4 1 1) Eb (kPa) νb Lp b, (m(Pa s)−1) kb (m − −m N s4 1 1) τi (s) τb (s)

A 97.02 0.47 2.83× 10−11 3.1 × 10−14 32.78 0.49 9.45× 10−12 6.4 × 10−15 3.03 9.43
B 97.02 0.40 8.35× 10−11 3.1 × 10−14 32.78 0.49 9.45× 10−12 6.4 × 10−15 2.88 9.43
C 163.90 0.40 2.83× 10−11 3.1 × 10−14 32.78 0.49 9.45× 10−12 6.4 × 10−15 5.04 9.43

Fig. 5. Reconstructed YM (kPa), PR, strain TC (s) and VP (m(Pa s)−1) from FEM
strains are shown in A1-A4, respectively.
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true mechanical parameters given as input to the finite element simu-
lation software (Table 2). From (A3, A4), we see that although the
tumor is of spherical shape, the estimated axial strain TC and VP are
elliptic in shape. The reason behind this is the fluid flow toward two
side boundaries of the sample, which influences the dynamic strains at
the regions between the inclusion boundary to the side boundaries and
as such the estimated TCs in this region.

7.2. Ultrasound simulations

Axial strain TC, VP elastograms along with the YM and PR estimated
from unfiltered and Kalman filtered strains and strains from EOF ana-
lysis are shown in Fig. 6 for 20 dB SNR for sample A. From Fig. 6 (A1,
B1), we see that the reconstructed YM has values larger than the true
value in case of unfiltered and Kalman filtered strains. The re-
constructed YM from EOF analysis denoised strains has values close to
the true value (C1). As the estimation of lateral component of strain is
noisier than the axial component, the reconstructed PR from the un-
filtered and Kalman filtered strains are noisier and has values much
deviated from the true value in comparison to the YM values (A2, B2).
However, the reconstructed PR from EOF analysis denoised strains
shown in Fig. 6 (C2) is smooth and clearly similar to the true PR image
(Fig. 5 A2).

The curve fitting technique fails to provide any sensible estimate in
many pixels in the axial strain TC image because of high noise in case of
unfiltered strain data as seen in Fig. 6 (A3). Although in case of Kalman

filtered strain, the estimator can estimate the strain TC, the TC esti-
mates at many places are incorrect (B3). On the other hand, the axial
strain TC estimated from the first EC (C3) is smooth and have values
that match with the strain TC computed from input mechanical prop-
erties.

The estimated VP images from unfiltered and Kalman filtered strains
have very low similarity with the true VP maps (Fig. 6 (A4, B4)). At
many points, the values are incorrect. The VP image estimated from
EOF analysis is smooth and has values close to the true VP in both the
inclusion and background (Fig. 6 (C4)). We note that, due to reduced
accuracy in the axial and lateral displacement and strain estimations at
the edges of the elastograms, the reconstructed VP images are more
affected by noise at the edges than in other parts of the image.

The reconstructed YM and PR from axial strain elastogram by EOF
analysis in Fig. 6 is based on the first EC only, and other ECs have been
discarded. The axial strain TC is estimated from the first EC and VP
depends on the strain TC, YM and PR. In Fig. 7, we show a temporal
curve at a single pixel inside the inclusion of clean, unfiltered and
Kalman filtered axial strains and temporal curves of first, second and
third ECs in EOF analysis for sample A at 20 dB SNR. We also show the
fitted exponential curves associated with them. We see, from (B) and
(C), that the curves corresponding to unfiltered and Kalman filtered
strains are noisy and the estimated TCs from the fitted curves are in-
correct. In case of the clean strain (A) and first EC (D), we see that the
estimator could fit the curves appropriately and estimated TCs are close
to the actual value of TC.

Several important observations can be made from Fig. 7. First of all,

Fig. 6. Estimated parameters at 20 dB SNR by different techniques. (1) YM (2)
PR (3) TC (4) VP from (A) noisy strains (B) Kalman filtered strains (C) EOF
denoised strains. The units of YM, TC and VP are kPa, s and m(Pa s)−1.

Fig. 7. Fitted curve on (A) clean axial strain (B) unfiltered axial strain at 20 dB
SNR (C) Kalman filtered axial strain and (D) first EC. Second and third ECs are
shown in (E) and (F).
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although the unfiltered axial strain (B) is extremely noisy, the first EC
(D) has a clear exponential profile. Other ECs (E, F) are noisy and larger
effect of noise on these ECs can be clearly seen. Secondly, the magni-
tude of the first EC is larger than that of the second EC by almost 10
times and than that of the third EC by almost 25 times. This proves than
the first EC contains most of the signal variance. Finally, although the
axial strain has a small dynamic range (− − −0.0157 0.01587) compared
to the maximum amplitude (− 0.01587), the first EC has large dynamic
range ( −0.005 0) compared to its maximum amplitude (0.005), which
is useful in estimation of TC by curve fitting techniques.

Table 3 shows the PRE computed inside the inclusion from the YM,
PR and VP images obtained by different methods at SNR levels of 20, 30
and 50 dB. From this table, we see that the PRE decreases with incre-
ment of SNR levels for all the methods in all the parameters. The PRE
values in estimated YM, PR and VP in case of sample A are 8.34, 6.42
and 153.39% at SNR of 20 dB for unfiltered data, which reduce to
8.19, 6.08 and 64.70% at SNR of 50 dB. On the other hand, at the SNR of
20 dB, in case of Kalman filtered data, the PRE values in estimated YM,
PR and VP for sample A are 7.59, 5.15 and 84.16%, which reduce to
7.42, 4.58 and 32.70% at 50 dB SNR. For the EOF analyzed data, PRE
values in estimated YM, PR and VP in case of sample A are 3.27, 3.10
and 14.22% at SNR of 20 dB, which reduce to 3.01, 2.59 and 9.46% at SNR
of 50 dB. Similar trend in PRE for other samples (B and C) can be seen at
different SNR levels in Table 3. The PRE increases in estimated YM in
sample C because of high YM contrast between inclusion and back-
ground, and the PRE increases in estimated PR in sample B and C in
comparison to sample A because of high PR contrast.

7.3. Experiments

The estimated YM, PR and VP elastograms along with the B-mode
images at three time points for the untreated tumor has been shown in
Fig. 8. The increment of the tumor size from week 1 to week 2 can be
clearly appreciable from the B-mode images. From Fig. 8, we see that
the YM increases with time in this tumor from first to third week. The
YM of this tumor is around 50 kPa at the first week, which increases to
75 kPa at second week and then to more than 90 kPa at third week. The
PR is higher in first week for this tumor, which has similar values in
second and third week. The VP image for this tumor has very small
value (close to × −1 10 11 m(Pas)−1) at the first week, which increases by
at least 3 times in second week and 6 times in third week in most pixels
inside the tumor.

The estimated YM, PR and VP elastograms along with the B-mode
images for the treated tumor at three weeks are shown in Fig. 9. From
the B-mode images, we see that the tumor remains almost same in size
in all three weeks. The increment of YM is much smaller than the un-
treated one from first to third week. Such arrest of size and stiffness is
preferably because of the treatment administration. The PR remains
almost same in all three weeks as seen in (A3, B3, C3). The VP images
are shown in (A4, B4, C4). The VP value inside this tumor is close to

× −8 10 11 m(Pas)−1 in the first week, which reduces to around × −4 10 11

m(Pas)−1 in second week and then to × −1 10 11 m(Pas)−1 in the third
week. The reduction of VP may be because of the application of treat-
ment. This observation correlates with the observation that the VP
decreases with treatment administration from the literature [29].

The mean values of YM, PR and VP in the treated and untreated
tumors are shown in Table 4. From this table, the fast increment of YM
and VP can be clearly seen in the untreated tumor, where the YM in-
creases slowly in the treated tumor and the VP decreases with time. The
PR values are almost same in treated and untreated tumors in all three
weeks. However, overall, the PR is higher in the treated tumor than the
untreated one.

8. Discussion

In this paper, we proposed the use of EOF analysis to image the YM,
PR and VP of cancers from noisy ultrasound poroelastography data. We
reconstructed the steady state axial and lateral strains from noisy data
using the first EC from EOF analysis and use these strains to estimate
the YM and PR. For estimating the TC of axial strain, which is required
to assess VP, we used curve fitting on the first EC, which is significantly
less noisy and has larger dynamic range than the original strain signal.

YM is a parameter that is often used for determining cancer stage.
PR is another important mechanical parameter, which has been found
to be useful in cancer-related diseases such as lymphedema [3,43].
Accurate estimates of YM and PR are required for correct estimation of
other important mechanical parameters such as VP. Estimation of VP is
also important for diagnosis, prognosis and treatment of cancers as it
can be an effective diagnostic marker and can provide useful informa-
tion for drug delivery therapies and assessment of a number of treat-
ments [29,38].

The proposed EOF analysis is an effective method for estimating the
YM, PR and VP from noisy poroelastography strains and has several
advantages over other filtering methods. Firstly, the first EC from EOF
analysis has much larger dynamic range than the original noisy axial
strain signal, which allows estimation of axial strain TC more accu-
rately. Secondly, it is possible to efficiently control the amount of noise
reduction in EOF analysis (see Fig. 7 (D-F)). As with noise removal we
typically also lose some parts of the signals spectrum, it is important to
know the amount of noise and amount of signal present in the de-
composed parts of the noisy signal. In other filtering techniques such as
Kalman, controlling the removal of amount of noise and signal is much
harder, as these techniques do not decompose noisy signal in different
parts.

In the literature, EOF analysis is also named as principal component
analysis [4]. Application of EOF or principal component analysis in
different fields is not new [39,40]. However, application of EOF ana-
lysis in poroelastography is novel. Based on our results, this method is
an effective signal processing tool that can improve estimation of me-
chanical parameters from poroelastography experimental data.

One limitation of the VP estimation technique used in this paper is
the assumption that VP is dominant over IP inside the tumor and

Table 3
PRE (%) in estimated YM, PR and VP of inclusions in poroelastic samples by different methods in creep experiments at SNRs of 20,30 and 50 dB.

SNR (dB) Sample A Sample B Sample C

YM PR VP YM PR VP YM PR VP

20 Noisy 8.34 6.42 153.39 8.32 7.12 129.85 10.22 10.02 148.22
Kalman 7.59 5.15 84.16 7.34 5.99 77.10 8.65 8.12 87.03
EOF 3.27 3.10 14.22 4.34 2.42 14.19 5.14 3.11 13.77

30 Noisy 8.25 6.16 130.75 8.21 6.91 110.43 9.59 9.71 123.03
Kalman 7.46 4.79 80.69 6.58 5.64 72.39 8.12 7.55 58.11
EOF 3.05 2.84 12.71 3.74 1.83 13.12 4.34 3.04 11.39

50 Noisy 8.19 6.08 64.70 8.14 6.03 51.09 9.33 8.53 71.54
Kalman 7.42 4.58 32.70 5.98 4.21 43.03 7.65 7.12 41.12
EOF 3.01 2.59 9.46 3.12 1.38 10.17 2.97 1.81 10.73
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normal tissue [28]. In such case, during a poroelastography experiment,
most of the fluid flows through the capillary walls because of the ap-
plied compression. Therefore, VP and axial strain TC do not depend on
the geometry of the sample/inclusion [23,24]. In most available lit-
erature, VP is assumed to be much larger than IP in tumors [1,2,38,48].
Thus, this assumption should hold in tumors in most practical cases.
This assumption may not be suitable to normal tissues. In some

literature, IP and VP have been found to be of comparable values and,
in some cases, IP was found to be dominant over VP in normal tissues
[29]. In these cases, an analytical model of the strains would be ne-
cessary to consider the effects of VP, IP and the geometry of the in-
clusion/sample. Such model is not currently available. Since the un-
derlying assumption that VP is much higher than IP (required by our
method) may not be satisfied in the normal tissue region, we did not

Fig. 8. Ultrasound B-mode images of an un-
treated tumor at three time points (week 1, week
2 and week 3) are shown in A1, B1 and C1, re-
spectively. YM images (in kPa) at these time
points are shown in A2, B2 and C2. PR images
inside the tumor of the same mouse at three time
points (week 1, week 2 and week 3) are shown
in A3, B3 and C3, respectively. VP images (in m
(Pa s)−1) of the same tumor at three time points
(week 1, week 2 and week 3) are shown in A4,
B4 and C4, respectively. The YM and VP values
in this tumor are seen increasing in consecutive
weeks. In the first week, the YM is around
50 kPa which increases to around 75 kPa in
second week and more than 90 kPa in the third
week. The VP increases by almost 6 times from
first to third week.

Fig. 9. Ultrasound B-mode images of a treated
tumor at three time points (week 1, week 2 and
week 3) are shown in A1, B1 and C1, respec-
tively. YM images (in kPa) at these time points
are shown in A2, B2 and C2. PR images inside
the tumor of the same mouse at three time
points (week 1, week 2 and week 3) are shown
in A3, B3 and C3, respectively. VP images (in m
(Pa s)−1) of the same tumor at three time points
(week 1, week 2 and week 3) are shown in A4,
B4 and C4, respectively. The YM for this tumor
is seen slightly increasing from first to second
and then second to third week. However, VP in
this tumor is seen decreasing in consecutive
weeks. In the first week, the VP is more than

× −8 10 11 m(Pas)−1 in many places inside the
tumor, which decreases by more than 6 times in
the third week.
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show VP in normal tissue regions in our in vivo experimental results.
Currently, there are a number of invasive and non-invasive techni-

ques to estimate the VP. Magnetic resonance imaging (MRI) modalities
[8,11,31,46] and intravital microscopy (IVM) [34] are possible
methods for VP estimation, but they are expensive, require specialized
sample preparation and are computationally intense. The use of ultra-
sound methods to VP assessment would provide significant advantages
over MRI and IVM.

In the present study, theory and algorithms to estimate VP were
validated using simulations. A limited number of experimental datasets
(six datasets-two untreated and treated mice at three timepoints) were
used to demonstrate the feasibility of the proposed technique in vivo. In
our results, VP increased consistently in the untreated tumors, whereas
it decreased in the treated ones with time. These observations match
well with those reported in the literature [5,6,29]. A limitation of the
proposed study is the higher computation in reconstructing the YM, PR
and VP. The present configuration of EOF analysis requires 0.17 s on
average in an Intel Xeon 3.5 GHz PC with 32 GB RAM for each pixel in
the axial and lateral strains (with axial and lateral strain data from FE
simulation for the computational setup described in the simulations
section).

9. Conclusion

EOF analysis has been used in this paper to determine the me-
chanical parameters of a tumor embedded in normal tissue from noisy
porelastography data. The efficacy of the proposed methodology has
been proved through finite element and ultrasound simulations. In vivo
feasibility was also demonstrated. Based on the superior performance of
the proposed method in comparison to techniques commonly used to
denoise elastography data, the proposed method may have a positive
impact on clinical applications of poroelastography.
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