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Separation of Subcutaneous Fat From Muscle
in Surface Electrical Impedance Myography

Measurements Using Model
Component Analysis
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Abstract—Objective: Electrical impedance myography
(EIM) is a relatively new technique to assess neuromuscu-
lar disorders (NMD). Although the application of EIM using
surface electrodes (sEIM) has been adopted by the neu-
rology community in recent years to evaluate NMD status,
sEIM’s sensitivity as a biomarker of skeletal muscle con-
dition is impacted by subcutaneous fat (SF) tissue. Here,
we develop a method that is able to remove the contribu-
tion of SF from sEIM data. Methods: We evaluate indepen-
dent component analysis (ICA) and principal component
analysis (PCA) for this purpose. Then, we introduce the
so-called model component analysis (MCA). All methods
are validated with numerical simulations using impedivity
data from SF and muscle tissues. The methods are then
tested with measurements performed in diseased individu-
als (n = 3). Results: Simulations demonstrate that MCA is
the most accurate method at separating the impedivity of SF
and muscle tissues with the accuracy being 99.2%, followed
by ICA with 51.4%, and finally PCA with 38.5%. Experimen-
tal results from sEIM data measured on the triceps brachii
of patients are consistent with muscle grayscale level val-
ues obtained using ultrasound imaging. Conclusion: MCA
can be used to separate the impedivity of SF and muscle
tissues from sEIM data, thus increasing the sensitivity to
detect changes in the muscle. Significance: MCA can make
the sEIM technique a better diagnostic tool and biomarker
of disease progression and response to therapy by remov-
ing the confounding effect of SF tissue in NMD patients with
excess subcutaneous fat tissue for any reason.

Index Terms—Electrical impedance myography (EIM),
model component analysis (MCA), independent component
analysis (ICA), principal component analysis (PCA).
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I. INTRODUCTION

E LECTRICAL impedance myography (EIM) is a specific
instance of the broader electrical bioimpedance field [1],

in which an electrical current is applied to an individual muscle
or group of muscles and the generated voltages are measured.
Over the last decades, studies have shown that EIM can serve as
a painless biomarker to evaluate muscle health in patients with
neuromuscular disorders (NMD) [2], including amyotrophic lat-
eral sclerosis [3], [4] and Duchenne muscular dystrophy (DMD)
[5], [6] as well in patients with muscle atrophy due to disuse or
aging [7]. EIM has the potential of fulfilling a variety of valuable
roles, including: 1. Assisting with primary diagnostic classifica-
tion (e.g., primary myopathic versus neuropathic disease) [8];
2. Assisting with tracking disease progression and response to
therapy (i.e., serving a biomarker for clinical trials research)
[9] and 3. Serving as a convenient marker for assisting physi-
cal therapists in modifying therapies during rehabilitation from
primary musculoskeletal injury [10]. Simply put, EIM data pro-
vides easily obtained and actionable indices for a wide variety
of disorders affecting skeletal muscle.

Although there have been an increasing number of studies
employing EIM over the last 2 decades, there are still major
technical challenges to its successful application that remain to
be solved. For example, while the standard approach to apply-
ing EIM using surface electrodes (sEIM) offers the advantages
of being non-invasive and rapid to perform, sEIM’s sensitivity
as a biomarker of NMD progression and response to therapy is
reduced by subcutaneous fat (SF) tissue overlying the muscles
[11]. To overcome the impact of SF tissue on sEIM data, previ-
ous studies have divided sEIM values measured at two different
frequencies. The trial and error process for determining these
two frequencies consists of correlating the result of the divi-
sion with SF thickness at each and every one of the measured
frequencies and choosing the combination with the least corre-
lation [12]–[14]. However, there is no clear rationale for why
such an approach should improve the contribution of the muscle
to the outcome. Moreover, the outcome has no physiological
meaning for the muscle.

In fact, one can understand this goal of separating the con-
tribution of SF from muscle tissue in sEIM as one type of
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source separation (SS) problem in which the electrical impediv-
ity property of both tissues (henceforth the source signals) are
“mixed” together in the sEIM data (the observed signals). The
field of SS emerged in the 1950s and, since then, it has received
increasing attention. In general terms, SS methods assume a sta-
tistical model whereby the observed signals are the result of a
(non)linear combination of some (un)known source signals. In
life science applications, for example, SS methods have found
their niche for either removing interfering signals or separating
signals that originated from temporally correlated and spatially
distributed signals.

In particular, blind SS (BSS) corresponds to the specific case
when the parameter values of the mixing model are considered
unknown. Among the BSS techniques available, perhaps the
most well-known techniques are the independent component
analysis (ICA) [15], in which the source signals are assumed
to be nongaussian and mutually independent, and the principal
component analysis (PCA) [16], where independence is forced
onto the data through an orthogonal transformation. In contrast,
in the nonblind case, prior information about the source signals
is available so that it can be introduced into the model [17].

The goal of this paper is to develop a methodology able to
separate SF and muscle impedivity properties from sEIM data.
To do so, we first evaluate SS techniques ICA and PCA. Then, a
new model component analysis (MCA) technique is presented.
Here, MCA introduces the prior knowledge in the framework
by using a model function connecting the source signals with
the observation –in other words, the impedivity of SF and mus-
cle tissues are connected to the frequency measured. Then, the
MCA estimation problem is formulated as minimization of the
distance between the model function and a new family of in-
put functions. Simulations using experimental data and mea-
surements in diseased individuals confirm the usefulness of the
novel MCA presented.

II. SIGNAL SEPARATION TECHNIQUES: MODEL

COMPONENT ANALYSIS

In this paper we will deal with the separation problem using
the following linear model

x(t) = As(t), (1)

where x(t) = [x1(t), x2(t), . . . , xO (t)]� represents a vec-
tor of measured signals ((•)� denotes the transpose op-
erator), A is the unknown O × N mixing matrix, s(t) =
[s1(t), s2(t), . . . , sN (t)]� represents a vector of source signals;
with N and O being the number of source and mixed signals,
respectively. The problem set by SS may be summarized as fol-
lows. Given the observations of mixed signals x, it is desired to
estimate (separate) the corresponding source signals s, where
the mixing matrix A is unknown.

Below, we introduce ICA and PCA methods so that MCA
can be compared to these two SS techniques. Before delving
into their specific application to EIM, we first introduce the
methods in the context of the “cocktail party problem”, a
well-known application of SS techniques [18]. Here, the voice
(source signals) from different people are separated from the

recorded signals (e.g., using microphones) consisting of people
talking simultaneously in the same room (mixed signals).
We consider two sets of mixed signals x12 = [x1 , x2 ]� and
x34 = [x3 , x4 ]� defined as, x1(t) := 0.7s1(t) + 0.3s2(t),
x2(t) := 0.5s1(t) + 0.5s2(t), x3(t) := 0.7s3(t) + 0.3s4(t)
and x4(t) := 0.5s3(t) + 0.5s4(t), where the source signals are{

s1(t) := 3 sin(2t) + 4

s2(t) := 2 sin(3t) + 1,

for t ∈ [0, 2π] and{
s3(t) := 3 exp(t/2) + 1

s4(t) := 2 exp(t/3) + 4,

for t ∈ [−6, 4]. The source signals above were chosen to be
representative of the cases where the source signals have small
s{1,2}(t) and large s{3,4}(t) correlation between them. Below,
we detail the settings of ICA (Section II-A), PCA (Section II-B),
and the new MCA technique (Section II-C) and compare their
performance (Section II-D).

A. Independent Component Analysis (ICA)

The working principle of ICA consists of decompos-
ing the mixed signals into statistically independent signals
[19]. Then, the ICA criterion to estimate the row vector
w� of the unmixing matrix W is by maximizing non-
gaussianity of the signal v�x from the mixed signal x as
follows

vn := arg max
‖v‖2 =1

J(v�x), (2)

where n = 1, 2, . . . , N , ‖•‖ is the L2-norm, and J(y) is a mea-
sure of non-gaussianity of the variable y, which is indepen-
dent from the observation t. Examples of nongaussianity func-
tions of J are normalized kurtosis and negentropy functions
[20]. Note there can be N possible distinct local maxima in
(2), i.e., {vn}N

n=1 . Thus, ICA requires to decorrelate the esti-
mated source signals {w�

n x}N
n=1 , for example, applying Gram-

Schmidt process

un := vn −
n−1∑
j=1

v�
n wjwj , (3)

where wj := uj /‖uj‖.
The source signals estimated with ICA are based on the al-

gorithm described in [21] using the approximated negentropy
J(y) := (E〈H(y) − EH(v)〉)2 [22], where v is a Gaussian
variable of zero mean and unit variance, H(y) = − exp(−y2/2)
is a nonquadratic function and E• is the expected value operator.

B. Principal Component Analysis (PCA)

The basis of PCA is to convert the correlated mixed sig-
nals into a set of values of linearly uncorrelated variables, the
so-called principal components. Then, the PCA criterion to es-
timate the n-th unmixing row vector wn giving n-th principal
component consists of maximizing the variances of the mixed
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signal as follows

wn := arg max
‖w‖2 =1

J(w�xn ), (4)

where J(y) = ‖y‖2 , xn := (I − ∑n−1
j=1 wjw�

j )x is a gener-
ated signal from mixed signal x and unmixing row vector
{wj}n−1

j=1 , with n = 1, 2, . . . , N , and I is the identity matrix
with size N × N . When n = 1, the first principal component
has the largest possible variance that can be obtained. For
n = 2, 3, . . . , N , the consecutive principal components have the
largest variance possible under the constraint that it is orthogo-
nal to the preceding principal components.

We used singular value decomposition to obtain the unmixing
matrix W = UΛ which satisfies (4), with x = UΛV�, and
where Λ is a rectangular diagonal matrix of singular values
with size 2 × T , U is matrix with orthonormal left singular
vectors with size 2 × 2, and V is a matrix with orthonormal
right column vectors with size T × T , and T is the number of
observations.

C. Model Component Analysis (MCA)

The MCA considers the dependence between the variable y
and the observation t through the model function η(t). Here, J
is a model metric function that measures the distance between
the input function y = f(t) and the model function η(t). Then,
the MCA criterion consists of minimizing J from the mixed
signal vector as follows

vn := arg min
‖v‖2 =1

J(v�
n x, t), (5)

where the definition of J depends on the model function η(t).
From (5) using (3) we can obtain wn for n = 1, 2, . . . , N .

One possible approach is to define η(t) in (5) as

J(y, t) := (E〈H (y, t)〉)2 . (6)

Then, H (y, t) is a suitable functional establishing an algebraic
relationship between the model function η(t) and its derivative
and/or integral forms so that H (y, t) will be zero for y = η(t).
For example, if we consider η(t) = sin(t), then one suitable
definition is H (y, t) = y2 + (dy/dt)2 − 1. On the other hand,
if η(t) = exp(t), then one appropriate candidate is H (y, t) =
y − (dy/dt). Lastly, if we consider η(t) = pn (t) as n-th order
polynomial, a reasonable model metric function is H (y, t) =
yn−1 − (dy/dt)n .

We consider the model metric function in (6) to separate the
mixed signals x{1,...,4}(t). In particular, to separate the mixed
signals x{1,2}(t), we use the model function η(t) = a sin(bt) +
c for a, b, c ∈ R. By the Pythagorean trigonometric identity,
one can find (η(t) − c)2 − η′(t)Ψ(t) − a2 = 0 where Ψ(t) :=∫

(η(t) − c) dt with max{Ψ} + min{Ψ} = 0. In this case, the
functional evaluated is

H (y, t) = (y(t) − c̃)2 − y′(t)Y (t) − ã2 ,

with Y (t) :=
∫

(y(t) − c̃) dt − (max{Y } + min{Y })/2, ã :=
(max{y} − min{y})/2 and c̃ := (max{y} + min{y})/2.

Next, to separate the mixed signals x{3,4}(t), we use the model
function η(t) = a exp(bt) + c for a, b, c ∈ R. It can be easily

Fig. 1. In solid black lines, the estimated centered and whitened source
signals. (a) Using independent component analysis (ICA). (b) Using prin-
cipal component analysis (PCA). (c) Using model component analysis
(MCA). The original centered and whitened source signals are shown
in gray dotted lines for comparison purposes. The values on the ab-
scissa representing time are omitted for clarity. The percentages shown
indicate the similarity between original and estimated source signals for
each case, being 0% if totally different and 100% if perfectly alike.

shown that η′(t)Ψ(t) = (η(t))2 where Ψ(t) :=
∫

(η(t) − c) dt
with Ψ(t) → 0 as t → −∞. Then, the functional used is

H (y, t) = y′(t)Y (t) − (y(t) − c̃)2 ,

with c̃ := limt→−∞ y(t) and Y (t) :=
∫

(y(t) − c̃) dt with
Y (t) → 0 as t → −∞.

D. Benchmark Results

To facilitate the comparison between SS methods, both the
original and estimated source signals were centered (zero-mean)
and normalized to unit variance. We then calculated the absolute
value of the correlation (0% to 100% scale) between the true
source signals and the estimated source signals to compare the
performance between methods. As expected, ICA (figure 1(a))
can separate the source signals when they are are poorly corre-
lated as s{1,2}(t) and fails when the source signals are correlated
as s{3,4}(t). On the other hand, PCA (figure 1(b)) can separate
one dependent source signal s3(t) but not s4(t) or s{1,2}(t).
Finally, MCA (figure 1(c)) is able to separate all the source
signals.

III. SIGNAL SEPARATION TECHNIQUES APPLIED TO SURFACE

ELECTRICAL IMPEDANCE MYOGRAPHY

Next, we derive the linear system in (1) starting from
the impedance governing equation (7) including electrodes’
contact impedance. Injecting a sinusoidal electrical current with
amplitude I ∈ R (A) between the current electrodes I+ and
I− induces an electrical potential uI ∈ C (V), which can be
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described as follows⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

∇ · (γ∇uI ) = 0 in D ,

uI + z�γ
∂uI

∂n

∣∣∣∣
�

= P� for � = I+ , I−, V + , V −,

∫
I + γ

∂uI

∂n
ds = I = − ∫

I− γ
∂uI

∂n
ds,

∫
� γ

∂uI

∂n
ds = 0 for � = V + , V −,

γ
∂uI

∂n
= 0 on ∂D \ (I+ ∪ I− ∪ V + ∪ V −) ,

(7)

where V + and V − are the voltage electrodes, γ(ω) = σ(ω) +
iωε0εr (ω) is the admittivity with σ ∈ R (S m−1) and εr ∈ R
(dimensionless) the conductivity and relative permittivity prop-
erties of the conductor domain D ∈ R3 (m3), respectively, ε0
is the vacuum permittivity (F m−1), ω ∈ R is the (angular) fre-
quency dependence (rad s−1), i :=

√−1 is the imaginary unit
(dimensionless), n is the outward unit normal vector to the
boundary ∂D , z� is the electrodes’ contact impedance, and P�

is the corresponding constant potential on the electrode � for
� = I±, V ± [23].

Then, if the electrodes are in contact with an homogenous
domain (e.g., SF Dsf or muscle Dm tissue), the impedance
measured Z ∈ C (Ω) between V + and V − electrodes satisfies
that [24]

Z = R + iX = κS = κ

∫
D

JI · JV dr, (8)

where R ∈ R and X ∈ R are the resistance and reactance mea-
sured, κ(ω) := ρ(ω) + iτ(ω) = 1/γ(ω) is the impedivity (Ω m)
of the domain, ρ and τ are the resistivity and reactivity, respec-
tively, S ∈ C is the impedance sensitivity (m−1) [11] which
depends on {D , κ, ω} and the electrodes’ characteristics, and
J{I ,V } ∈ C (m−2) are the local current density vectors found
swapping the injection of electrical current between the current
and voltage electrodes, respectively.

In this paper, we consider an heterogenous domain made of
homegenous SF and muscle sub-domains, i.e., D := Dsf ∪ Dm .
One important feature of these tissues is the directional depen-
dence of their impedivity properties. Thus, a realistic approach
is to assume SF as an isotropic tissue (i.e., the impedivity is the
same in all directions), and muscle as an anisotropic tissue (the
impedivity is different in longitudinal –L– and transverse –T–
directions with respect to the fibers’ orientation) [25]. There-
fore, considering the x-direction as the longitudinal direction
in the muscle, we can rewrite the impedance sensitivity in the
muscle according to (8) as follows

Sm =
∫

Dm

JI · JV dr

=
∫

Dm

JI
1 JV

1 dr︸ ︷︷ ︸
=:Sm L

+
∫

Dm

JI
2 JV

2 dr +
∫

Dm

JI
3 JV

3 dr︸ ︷︷ ︸
=:Sm T

, (9)

where SmL and SmT are the sensitivity in the muscle in longi-
tudinal and transverse directions, respectively.

We now assume sensitivity S in SF and muscle tissues is
complex constant number. Then, by combining (8) and (9) with
P := Re(S), Q := Im(S) one finds

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

R(ωk ) = ρsf (ωk )Psf − τsf (ωk )Qsf

+ρmT(ωk )PmT − τmT(ωk )QmT

+ρmL(ωk )PmL − τmL(ωk )QmL

X(ωk ) = ρsf (ωk )Qsf + τsf (ωk )Psf

+ρmT(ωk )QmT + τmT(ωk )PmT

+ρmL(ωk )QmL + τmL(ωk )PmL ,

(10)

where ωk is the (angular) frequency (rad s−1) measured,
k = 1, . . . , F is the frequency index, and F is the number of
frequencies measured. The subscripts sf and m denote the re-
sistivity, reactivity and sensitivity in the SF and muscle tissues,
respectively. As mentioned above, these tissues’ properties are
different over the frequency. Equation (10) can be written in a
matrix form when the impedance is measured using different
electrode configurations, namely

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

...
...

...
...

...
...

P
[m ]
sf P

[m ]
mT P

[m ]
mL −Q

[m ]
sf −Q

[m ]
mT −Q

[m ]
mL

Q
[m ]
sf Q

[m ]
mT Q

[m ]
mL P

[m ]
sf P

[m ]
mT P

[m ]
mL

...
...

...
...

...
...

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ρsf (ωk )

ρmT(ωk )

ρmL(ωk )

τsf (ωk )

τmT(ωk )

τmL(ωk )

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

...

R[m ](ωk )

X [m ](ωk )

...

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

, (11)

where the superscript [•] differentiates from exponentiation
and denotes the m-th electrode configuration used to measure
impedance, for m = 1, . . . , M , and where M is the number of
different tetrapolar electrode configurations measured (see the
different electrodes configurations in figure 2).

The size of (11) can be reduced by introducing the anisotropy
ratio between the longitudinal and transverse resistivity and
reactivity in the muscle, i.e., λ2ρmT = ρmL and μ2τmT = τmL
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Fig. 2. Flowchart illustrating the working principle of model component analysis applied to surface electrical impedance myography (sEIM). The
algorithm’s input data z at frequency ωk with k = 1, . . . , F frequencies are measured using at least two (M ≥ 2) electrodes’ configurations, for
example, with the same orientation and different separation between current I+ , I− and voltage V + , V − electrodes (shown in red and blue color,
respectively). These data together with the known physical model are used to minimize the user-defined model metric function J . The result of this
minimization procedure is the unmixing matrix W (illustrated by a thick black line) used to separate the resistivity and reactivity parts of subcutaneous
fat ρsf , τsf and muscle ρm , τm tissues.

[26], namely⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

...
...

...
...

P
[m ]
sf (P [m ]

mT + λ2P
[m ]
mL ) −Q

[m ]
sf −(Q[m ]

mT + μ2Q
[m ]
mL)

Q
[m ]
sf (Q[m ]

mT + λ2Q
[m ]
mL) P

[m ]
sf (P [m ]

mT + μ2P
[m ]
mL )

...
...

...
...

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

︸ ︷︷ ︸
=:S

⎡
⎢⎢⎢⎢⎢⎣

ρsf (ωk )

ρmT(ωk )

τsf (ωk )

τmT(ωk )

⎤
⎥⎥⎥⎥⎥⎦

︸ ︷︷ ︸
=:κ(ωk )

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

...

R[m ](ωk )

X [m ](ωk )

...

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

︸ ︷︷ ︸
=:z(ωk )

(12)

or, simply

Sκ = z, (13)

where S is the mixing sensitivity matrix with size 2M × N , κ is
the source signal vector composed of the impedivity of SF and
muscle tissues with size N × 1, and z is the mixed signal vector
(input data) containing valid and meaningful impedance (i.e.,
resistance and reactance) values measured with size 2M × 1.
Note that in order to build z, each pair of resistance and reac-
tance data can be generated from an impedance measurement in
which the electrodes’ array orientation is kept the same and the
distance between current I+ , I− and voltage V + , V − electrodes
is changed, the electrodes’ size is changed, or both.

Then, the solution to (13) can be stated as follows

κ = Wz, (14)

where W is the unknown unmixing matrix with size N × 2M
and κ is the estimated source signal vector. For convenience,
here we consider the case where W = S−1 and so 2M = N
(i.e., square matrix).

Next, we attempt to obtain κ in (14) using ICA, PCA, and
MCA. At this point, we note a common practice in bioimpedance
studies is to consider only the resistive part of bioimpedance
(ρ �= 0 and τ = 0 as in [27]). Here, however, we have studied
also the reactive case (ρ = 0 and τ �= 0) and the more general
case where the bioimpedance consists of both components (ρ �=
0 and τ �= 0). For ICA and PCA, we used the mixing matrices
in Section V and the same algorithms described in Section II-A
and II-B, respectively. Below, we introduce the physical model
and analyze in detail MCA for the three cases mentioned above.

A. Model Component Analysis (MCA)

1) Physical Model: The equivalent electrical circuit pro-
posed by Fricke and Morse in [28] is a model widely used to
analyze the bioimpedance of living biological tissues [29]–[32].
The model is described by a series resistor-capacitor network in
parallel with a resistor, namely

κ(ω) =
re + iωrericm

1 + iωcm(re + ri)
, (15)

where κ(ω) is the tissue’s impedivity, r{e,i} (Ω m) represent
the effective resistivity of the extra- and intra-cellular media,
respectively, and cm (F m−2) represents the cells’ surface mem-
brane capacitance. Equation (15) can be splitted into real and
imaginary parts,

κ(ω) =
r2 + r1r3ω

2

1 + r2
3ω2 + i

(r1 − r2r3)ω
1 + r2

3ω2 , (16)

where r1 := rericm , r2 := re , r3 := (re + ri)cm . To facilitate
the separation of the source signals over the frequency ω, it
is convenient to model the resistivity and reactivity using the
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logarithm of the angular frequency  := log10 ω so that

ρ() = aρ +
bρ

102 + cρ
, (17)

with aρ := r1/r3 , bρ := r2/r2
3 − r1/r3

3 and cρ := 1/r2
3 ; and

τ() =
bτ 10

102 + cτ
, (18)

with bτ := (r1 − r2r3)/r2
3 and cτ := 1/r2

3 .
2) Resistive Part: The mixed signal vector z was computed

using κ = [ρsf ρmT]� and the mixing matrix Sρ in Section IV-A.
To design the model metric function Jρ , we need to approximate
the unknown a and b constants using the input function y = f(t),
for example

ãρ := lim
t→∞ f(t), b̃ρ := lim

t→∞(f(t) − ã)T 2t or lim
t→∞

− 1
2Te

f ′(t)T 2t , (19)

with T := 10. The requirement t → ∞ to estimate ã and b̃ in
(19) implies in practice to measure the bioimpedance at high
frequency, e.g., 1 MHz. Then, we can define the following func-
tionals

Hρ,d1(y, t) := (y − ãρ) −
(
k̃ρyd1T

−2t
)1/2

Hρ,d2(y, t) := (y − ãρ) −
(
(k̃ρ/2)yd2T

−2t
)1/3

Hρ,i1(y, t) := (y − ãρ) − yi1/k̃ρ

Hρ,i2(y, t) := (y − ãρ) − yi2/k̃ρ , (20)

which all give zero-function when the input function y = f(t)
matches the resistivity function ρ() in (17), and where yd1 :=
d
dt y, yd2 := k̃ρ

d
dt (yd1T

−2t), yi1 :=
∫

((y − ã)T t)2dt, yi2 :=

(1/k̃)2
∫

(yi1T
t)2dt, and k̃ρ := − b̃ρ

2 ln 10 . Finally, the model met-
ric function Jρ can be defined using just one or a combination of
the functionals in (20). Here, we use the mean root mean square
of the functionals’ expected values, namely

Jρ(y, t) :=

1
2

√∑2

n=1
E〈Hρ,d{n}(y, t)〉2 +

∑2

n=1
E〈Hρ,i{n}(y, t)〉2 .

(21)

3) Reactive Part: The mixed signal vector z was computed
using κ = [τsf τmT]� and the mixing matrix Sτ in Section IV-A.
To design the model metric function Jτ , we need to approximate
b with the input function y = f(t), for example

b̃τ := lim
t→∞ f(t)T t. (22)

In the same way as the purely resistive case (see Section III-A2),
it is necessary to measure the bioimpedance at high frequencies
in order to obtain an accurate estimate in (22). Then, we define

the following functionals

Hτ ,d1(y, t) := yT−t −
(
k̃τ yd1T

−2t
)1/2

Hτ ,d2(y, t) := yT−t −
(
(k̃τ /2)yd2T

−2t
)1/3

Hτ ,i1(y, t) := yT−t − yi1/k̃τ

Hτ ,i2(y, t) := yT−t − yi2/k̃τ ,

which all give zero-function when the input function y =
f(t) matches the reactivity function τ() in (18), and
where yd1 := d

dt (yT−t), yd2 := k̃τ
d
dt (yd1T

−2t), yi1 :=
∫

y2dt,

yi2 := (1/k̃τ )2
∫

(yi1T
t)2dt, and k̃τ := − b̃τ

2 ln 10 . Finally, an ex-
ample of model metric function Jτ can be calculated using the
square root mean of the functionals’ expected values, namely

Jτ (y, t) :=

1
2

√∑2

n=1
E〈Hτ ,d{n}(y, t)〉2 +

∑2

n=1
E〈Hτ ,i{n}(y, t)〉2 .

(23)

4) Resistive and Reactive Parts: The mixed signal vector
z was computed using κ = [ρsf ρmT τsf τmT]� in and the mixing
matrix S in Section IV-A. We then use (21) and (23) to estimate
the source signals.

IV. MATERIALS AND METHODS

A. Simulations

We confirmed the usefulness of MCA through simulations
(MATLAB, The Mathworks, Natick, MA, USA) using experi-
mental impedivity values from SF and muscle tissues κ mea-
sured from 1 kHz to 1 MHz (151 frequencies/observations). The
experimental impedivity values of tissues were obtained from an
online reference database [33]. The mixing matrices Sρ (ρ �= 0
and τ = 0), Sτ (ρ = 0 and τ �= 0), and S (ρ �= 0 and τ �= 0),
were calculated using the finite element method (FEM) (Comsol
Multiphysics, Inc., Burlington, MA, USA) at 1 kHz and assumed
constant over the frequency. The FEM simulations included ref-
erence electrodes’ contact impedance at 1 kHz obtained from
AgCl pre-gelled wet electrolyte electrodes with surface resis-
tance 10−3 Ω m2 and surface capacitance 0.16 · 10−6 F m2 [1].
The resulting sensitivity matrices are

Sρ = Sτ =

[
1.1775 5.2209

0.0509 5.9629

]

and

S =

⎡
⎢⎢⎢⎢⎢⎣

1.1775 5.2208 0.0002 −0.0029

−0.0002 0.0029 1.1775 5.2208

0.0509 5.9631 0.0001 −0.0021

−0.0001 0.0021 0.0509 5.9631

⎤
⎥⎥⎥⎥⎥⎦ .

We then calculated the mixed signals vector z in (13) using as
source signals κ the resistivity and reactivity of SF and muscle
tissues and the mixing matrices above. Finally, we added white



360 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 66, NO. 2, FEBRUARY 2019

Gaussian noise with zero mean into (14) giving a signal-to-noise
ratio (SNR) from 10 to 40 dB.

B. Experimental Protocol

This study was approved by the Institutional Review Board of
Beth Israel Deaconess Medical Center. Ultrasound (US) imag-
ing and impedance measurements were conducted in three con-
venience subjects participating in a separate clinical study (see
clinicaltrials.gov NCT02104921). Informed consent was ob-
tained from the subjects prior to the measurements. In all sub-
jects (female, from 47 to 68 years old), the triceps brachii medius
were measured since subjects had an increased SF thickness in
the affected muscle.

C. Subject Information

Patients were diagnosed based on clinical history and ex-
amination supported by needle electromyography. Subject A
was diagnosed with subacute right moderately severe cervical
polyradiculopathy and had unilateral weakness on the right up-
per extremity. Then, Subject B had chronic, moderately severe
ulnar neuropathy localized to the left elbow superimposed with
a subacute, moderately severe left C7 radiculopathy. Subject C
was diagnosed with myotonic dystrophy type II and had bilateral
weakness.

D. Impedance Measurement and Analysis

For each patient, tetrapolar sEIM measurements (n = 3)
were performed with SFB7 device (Impedimed, Inc., Brisbane,
Australia) between 10 kHz and 1 MHz (203 frequencies) us-
ing two different electrode configurations. First, we used four
1.5-cm-wide × 2-cm-long gel-adhesive surface electrodes
(70010-K/C/12, Ambu, Inc., Denmark), and then we used a
custom-made tetrapolar 1-mm-wide × 1-mm-long electrode ar-
ray on a printed circuit board (PCB). The electrode spacing in
both electrodes’ arrays was uniform, being 2 cm and 1 mm
between the edge of adjacent electrodes, respectively. For mea-
surements with PCB electrodes, we moistened the skin with
saline solution using a gauze prior the measurements to ensure
a good electrode contact (see figure 3).

The placement of impedance electrodes in the triceps muscle
was made with the center of the muscle being located by palpa-
tion at a point approximately one-third the distance up from the
antecubital fossa and olecreanon toward the acromion, respec-
tively. Surface EIM measurements were made with the patient in
prone position and the arms 15°abducted. The entire procedure
took approximately 30 minutes to perform.

E. Quantitative Muscle Ultrasound Image Acquisition
and Analysis

US images of the muscles were obtained using a Terason
t3000 system (Teracorp, Inc., Burlington, MA, USA) to deter-
mine the thickness of subcutaneous fat at the impedance mea-
surement site and assess for any evidence of muscle fibrosis/fat
deposition that can occur as a consequence of disease. All im-
ages were acquired in transverse direction with respect to the

Fig. 3. Example of the experimental setup showing the placement of
the electrodes (70010-K/C/12, Ambu, Inc., Denmark) and custom-made
printed circuit board electrode array on a subject’s right triceps brachii
lying in prone position. Current and voltage electrodes were connected
to the measuring device (SFB7, Impedimed, Inc., Brisbane, Australia)
using crocodile clips.

Fig. 4. Resistive part. In solid black lines, the noise-free estimated
centered and whitened source signals. (a) using independent component
analysis (ICA). (b) Using principal component analysis (PCA). (c) Using
model component analysis (MCA). The original centered and whitened
source signals are shown in gray dotted lines for comparison purposes.
The values on the abscissa represent the frequency simulated (kHz) in
logarithmic scale. The percentages shown indicate the similarity between
original and estimated source signals for each case, being 0% if totally
different and 100% if perfectly alike. Source signals: ρsf , resistivity of
subcutaneous fat tissue; ρm , resistivity of muscle tissue.

orientation of the limb using a 10 MHz probe and analyzed using
MATLAB. We quantified the standard median gray scale level
values (GSL, dimensionless) from the region of interest (ROI)
within muscle immediately below the layer of subcutaneous tis-
sue and above bone. For the calculation of GSL, previous studies
have shown that echointensity is best measured from the most
superficial one-third of the ROI of the muscle when quantifying
levels of pathology using US [34].

V. SIMULATION RESULTS

A. Resistive Part

The reader can see in figure 4 that ICA and PCA are only
able to satisfactorily separate the resistivity of SF tissue with the
similarity being 98.3% and 92.6%, respectively. MCA is capable
of separating the resistivity of both SF and muscle tissues with
the averaged similarity being 99.4%. Figure 5 then shows all
three methods behave similarly at extracting only the resistivity
of SF tissue from noisy sEIM data. However, MCA is the only
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Fig. 5. Impact of measurement noise in the resistivity shown in Figure 4
using independent component analysis (ICA), principal component anal-
ysis (PCA), and model component analysis (MCA). Source signals. (a)
ρsf , resistivity of subcutaneous fat tissue. ρm (b) Resistivity of muscle
tissue.

Fig. 6. Reactive part. In solid black lines, the estimated noise-free
centered and whitened source signals. (a) Using independent com-
ponent analysis (ICA). (b) Using principal component analysis (PCA).
(c) Using model component analysis (MCA). The original centered and
whitened source signals are shown in gray dotted lines for comparison
purposes.The values on the abscissa represent the frequency simulated
(kHz) in logarithmic scale. The percentages shown indicate the similarity
between original and estimated noise-free source signals for each case,
being 0% if totally different and 100% if perfectly alike. Source signals:
τ sf , reactivity of subcutaneous fat tissue; τ m , reactivity of muscle tissue.

Fig. 7. Impact of measurement noise in the reactivity shown in figure 6
using independent component analysis (ICA), principal component anal-
ysis (PCA), and model component analysis (MCA). Source signals. (a)
τ sf , reactivity of subcutaneous fat tissue. (b) τ m , reactivity of muscle
tissue.

method capable of correctly separating also the resistivity of
muscle tissue when the SNR equals or is greater than 20 dB.

B. Reactive Part

If we consider the reactivity of SF and muscle tissues, fig-
ure 6 shows that all three methods provide moderately correct
results, being MCA the most accurate with averaged similar-
ity being 91.1%, followed by PCA with 90.3% and finally
ICA with 85.6%. As shown in Figure 7, all methods provide
alike similarity when extracting SF tissue individually consid-
ering noise in the sEIM data. As for the separating muscle
reactivity, MCA is the most accurate method followed by ICA
and PCA.

Fig. 8. Resistive and reactive parts. In solid black lines, the estimated
noise-free centered and whitened source signals. (a) Using indepen-
dent component analysis (ICA). (b) Using principal component analysis
(PCA). (c) Using model component analysis (MCA). The original cen-
tered and whitened source signals are shown in gray dotted lines for
comparison purposes. The values on the abscissa represent the fre-
quency simulated (kHz) in logarithmic scale. The percentages shown
indicate the similarity between original and estimated noise-free source
signals for each case, being 0% if totally different and 100% if perfectly
alike. Source signals: ρsf , resistivity of SF tissue; ρm , resistivity of muscle
tissue; τ sf , reactivity of subcutaneous fat tissue; τ m , reactivity of muscle
tissue.

Fig. 9. Impact of measurement noise in the resistivity and reactivity
shown in Figure 8 using independent component analysis (ICA), princi-
pal component analysis (PCA), and model component analysis (MCA).
Source signals. (a) ρsf , resistivity of subcutaneous fat tissue. (b) ρm ,
resistivity of muscle tissue. (c) τ sf , reactivity of subcutaneous fat tissue.
(d) τ m , reactivity of muscle tissue.

C. Resistive and Reactive Parts

Figure 8 shows the performance of ICA and PCA worsens
when treating both the resistivity and reactivity parts combined
with an averaged similarity being 51.4% and 38.5%, respec-
tively. MCA results are the most accurate with the averaged
similarity being 99.2%. Of the three methods, figure 9 shows
MCA is the only approach capable of separating the impedivity
of both SF and muscle tissues.

VI. EXPERIMENTAL RESULTS

The three patients had a similar fat thickness. The GSL value
for the triceps muscle for Subject A, B and C was 25 (left triceps,
nondominant), 27 (right triceps, dominant) and 24 (right triceps,
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Fig. 10. Illustrative ultrasound images used to quantify subcutaneous
fat thickness and gray scale levels (GSLs). We measured GSL from the
most superficial one-third of the triceps’ region of interest (delimited by
the yellow lines). The arrows indicate the thickness of subcutaneous fat
tissue at the impedance measurement site.

Fig. 11. Estimated centered and whitened source signals using inde-
pendent component analysis (ICA, red), principal component analysis
(PCA, blue), and model component analysis (MCA, black). The values
on the abscissa represent the frequency measured (kHz) in logarithmic
scale. Subcutaneous fat tissue’ properties are not shown because it is
not relevant to the diagnosis. Source signals: ρm , resistivity of muscle
tissue; τ m , reactivity of muscle tissue.

dominant), respectively (see figure 10). These GSL values are
within the range of normal values, suggesting that there has been
no significant deposition of fat or connective tissue within the
muscle. Deposition of such materials, usually in longstanding,
more severe disease causes an elevation in GSL (i.e., the muscle
become more echogenic and lighter in color). Figure 11 shows
estimated muscle resistivity and reactivity from sEIM data using
ICA, PCA and MCA. Despite pathological differences between
subjects, GSL values were virtually the same thus indicating
no significant changes in muscle composition between patients.
Therefore, we did not expect to detect drastic changes between
separated muscle resistivity and reactivity properties, which is
consistent with the results shown in figure 11 using MCA. The
interpretation of the results obtained with ICA and PCA should
be made carefully, as discussed in the next section.

VII. DISCUSSION

In this study, we have developed MCA to separate SF and
muscle tissues’ impedivity properties from sEIM measurements.

Compared to existing separation methods such as ICA and PCA,
our simulations and patients’ measurements show that MCA is
the only reliable method. Although we did not know the ac-
tual impedivity properties of diseased muscle (for example as
measured ex vivo by biopsy), according to the Maxwell-Wagner
polarization mechanism of dielectric relaxation observed in bi-
ological tissues [35], the dynamics of muscle resistivity must
decrease monotonically with the frequency measured. How-
ever, the resistivity of muscle estimated using ICA and PCA
increased within the measured frequency range. The similarity
in muscle impedivity properties between patients using MCA is
consistent with the GSL values obtained using US, the latter not
revealing major alterations in muscle’s composition.

Unlike ICA and PCA separation approaches that have been
developed with weak statistical assumptions, MCA imposes a
relationship between the frequency measured and the impediv-
ity of the tissues by means of a physical model. Specifically,
the key concept of MCA is the definition of the model met-
ric function and the corresponding functional. According to the
model function used, multiple possible definitions for the func-
tional may exist. For example, here we defined the functional
relating first- and second-order derivatives and integrals with
approximated function parameters. Another possible approach
would have been to increase the order of the derivatives. Al-
though both approaches are theoretically analogous, in practice,
the same analysis as the one presented relating the model metric
function and functional through high-order derivatives led to
algorithm instability (data not shown). Care should be taken in
choosing the strategy to establish a relationship between them
that leads to a stable algorithm implementation.

Ultimately, the goal in sEIM is to relate observed alterations in
data with the muscle’s cellular structure and composition. For
example, myopathies may be characterized by inflammatory
cells, edema, along with fat and connective tissue deposition.
On the other hand, neurogenic diseases are associated predom-
inantly with severe myofiber atrophy and fiber type grouping.
These various characteristics will impact sEIM values in differ-
ent ways. The challenge is to be able to detect these alterations
from sEIM measurements that are obscured by SF tissue.

Indeed, SF tissue can make healthy muscle appear artificially
abnormal or vice versa as shown in [11], obscuring the diagno-
sis or therapy response. A clinical case can provide context for
this. For example, a young boy with DMD is placed on corticos-
teroids. Corticosteroids are known to improve muscle condition
in this disease and prolong the time of ambulation. However,
corticosteroids also have the adverse consequence of increasing
SF thickness, as they are strongly catabolic in nature. Thus, al-
though muscle health improves, SF thickness increases and thus
sEIM data suggests exacerbating disease since the impact of the
SF thickness on the collected data increases (i.e., increasing
fat in muscle suggests worsening disease). As a result, recent
sEIM studies have led to relatively substantial overlap between
healthy and diseased sEIM data due to the variability of SF
tissue [36], [37].

The only previous work the authors are aware of in which
SS methods are applied to the impedance field was to filter the
cardiac and respiratory signals over time in electrical impedance
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tomography [38], [39]. Here, instead, we consider the time-
invariant dynamics of the impedivity of biological tissues as
signals. These signals are mixed according to (7) in sEIM data
where the frequency measured is now the independent variable.
Drawing an analogy with the case of filtering signals in time
domain, we use MCA to filter SF contribution to the impedance
as a function of the frequency measured.

A feature of MCA –and SS methods in general– is that the
frequency-dependence of the impedivity of SF and muscle tis-
sues are estimated up to scaling of their true (unknown) ampli-
tude values, i.e., the former is dimensionless whereas the latter
has unit of Ω m. Still, MCA can be employed to improve the
sensitivity of sEIM to detect diseased muscle and status calcu-
lating ratiometric indices at different frequencies. In fact, this is
the existing approach that has been used to mitigate the impact
of SF in sEIM values, e.g., calculating ratios 50/100 kHz [13],
50/200 kHz [12] or 100/300 kHz [14]. The difference between
these approaches and our work is, however, with MCA it is pos-
sible to perform a meaningful ratiometric analysis using muscle
impedivity data only.

There are a variety of limitations affecting this study. One
of them is the Fricke-Morse model used, which describes the
dynamics of biological tissues using three parameters only. Al-
though the simulation results demonstrate the feasibility of mod-
eling experimental muscle impedivity data with an averaged
similarity being of 99.2%, it may even be possible to improve
upon this by increasing the complexity of the model, for ex-
ample, using the four-parameter Cole impedance model [40].
On the other hand, part of the 0.8% discrepancy between MCA
and the reference simulation data may have originated from the
technical difficulty of accurately measuring the impedivity of
tissues. It is known that existing methods for measuring in situ
the impedivity of anisotropic biologic tissues such as muscle
have practical limitations [41]–[43]. Another limitation affect-
ing our experimental results is the simplification of the domain
studied here, where the contribution of the skin to the sEIM data
is neglected. On top of that, the experimental data are also lim-
ited by the fact that the equivalent electrical circuit employed did
not include possible measurement errors affecting the measured
bioimpedance. Finally, to derive the linear system, we assumed
that the sensitivity was constant and yet it depends on the do-
main, the electrodes’ characteristics, the frequency measured,
and the (unknown) tissues’ impedivity values that we aim to be
measure. Further work is required to increase the complexity
of the analysis presented to address these limitations. In future
work, we also plan to compare the estimated muscle impedivity
using MCA with the impedivity measured ex vivo in patients
undergoing muscle biopsy.

VIII. CONCLUSION

This paper presents model component analysis (MCA), a new
nonblinded source separation method for separating the contri-
bution of subcutaneous fat (SF) tissue affecting surface electrical
impedance myography (sEIM) data using Fricke-Morse model.
MCA allows the biomedical researcher or physician to evaluate
with confidence the alterations to muscle tissue over time and

the impact of therapy. The validity of the MCA method has been
tested against standard source separation techniques including
independent component analysis and principal component anal-
ysis through simulations and measurements on patients. Of the
three methods studied, MCA’s ability to remove the contribution
of the confounding SF tissue and evaluate the actual change in
muscle tissue only only as a function of disease progression or
response to therapy has important clinical implications. First, it
will make sEIM a more robust diagnostic tool capable of avoid-
ing the signal artifacts introduced by SF tissue. In addition, it
will simplify the clinical application of sEIM in longitudinal
studies where changes of SF thickness reduce the sensitivity to
detect disease progression and therapeutic effect.
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