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Polarimetry encompasses a collection of optical techniques broadly used in a variety of ¯elds.
Nowadays, such techniques have provided their suitability in the biomedical ¯eld through the
study of the polarimetric response of biological samples (retardance, dichroism and depolariza-
tion) by measuring certain polarimetric observables. One of these features, depolarization, is
mainly produced by scattering on samples, which is a predominant e®ect in turbid media as
biological tissues. In turn, retardance and dichroic e®ects are produced by tissue anisotropies and
can lead to depolarization too. Since depolarization is a predominant e®ect in tissue samples, we
focus on studying di®erent depolarization metrics for biomedical applications. We report the
suitability of a set of depolarizing observables, the indices of polarimetric purity (IPPs), for
biological tissue inspection. We review some results where we demonstrate that IPPs lead to
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better performance than the depolarization index, which is a well-established and commonly used
depolarization observable in the literature. We also provide how IPPs are able to signi¯cantly
enhance contrast between di®erent tissue structures and even to reveal structures hidden by
using standard intensity images. Finally, we also explore the classi¯catory potential of IPPs and
other depolarizing observables for the discrimination of di®erent tissues obtained from ex vivo
chicken samples (muscle, tendon, myotendinous junction and bone), reaching accurate models for
tissue classi¯cation.

Keywords: Polarimetry; indices of polarimetric purity; organic tissues visualization; arti¯cial
intelligence.

1. Introduction

Polarization is an intrinsic characteristic of trans-
versal waves as it is the case of light; it can be used
to study light-matter interactions and extract the
response of samples to di®erent states of polariza-
tion through polarimetric techniques. In the litera-
ture, we can ¯nd a great number of polarimetry
applications in a wide variety of research ¯elds, such
pollution control, remote sensing, astronomy, or
botanical applications.1–5 Since polarimetric in-
spection of samples is a fast, noninvasive and non-
destructive approach, these techniques are
nowadays very useful in the ¯eld of biomedicine. In
fact, some works have reported that the bene¯t of
polarimetric tools for biomedical applications lies in
the interaction of polarized light with di®erent bi-
ological structures and their di®erent polarimetric
responses. In this way, biological tissues can be de-
¯ned as a turbid medium formed by inhomogeneous
complex structures leading to di®erent physical
properties related to polarization: retardance, di-
chroism and depolarization. This last phenomenon,
depolarization, is a very predominant e®ect in
biological tissues and it is caused by scattering
processes in light-matter interactions. Multiple
scattering is produced by the high concentration of
scattering centers in biological tissues, that can be
isotropic with di®erent sizes and densities or to
present intrinsic polarimetric characteristics as
retardance, dichroism, etc. The speci¯c character-
istics of tissues that give rise to scattering processes
are further described in the literature.6 In turn, the
anisotropic nature in the organization of some ¯bers
composing the tissues, such as collagen and elastin
among others, give biological tissues birefringent
properties resulting in retardance.7 Also, dichroism
is present in biological molecules but its e®ects are
less prominent than depolarization and retardance,
as before mentioned.

Because of this suitability of polarimetric tech-
niques for the study of biological tissues, they are
nowadays widely used in biomedical applications. In
this sense, some diseases, such as cancer, produce
structural changes in the pathological tissues, and
the polarimetric methods are capable of detecting
such changes in a variety of pathologies.8 For ex-
ample, polarimetric observables have been used for
the study of human cervix to di®erentiate normal
and precancerous samples or to discriminate be-
tween nonpregnant and pregnant samples through
the measurement of the collagen orientation for
detecting at-risk pregnancies.9,10 They are also
useful for the study of tumor–stroma ratio for can-
cer in di®erent tissues: breast, prostate or myocar-
dium.11–13 In addition, we can ¯nd several studies in
skin tissues to di®erentiate normal and pathological
skin.14,15 Interestingly, some authors are taking
advantage of polarimetric methods for in vivo
patients in preoperatory stages or even during sur-
gery. For instance, in the identi¯cation of white
matter ¯ber tracks for delineating tumor borders
during neurosurgery or the detection of skin cancer
margins.16,17 More information related to healthy
and pathological tissue discrimination through po-
larimetric means can be found in Ref. 18. In addi-
tion, if readers are interested in a broad vision of the
applications of polarization in biomedicine, they can
address to some recent reviews in the ¯eld.19–22

What is more, the usefulness of polarimetric meth-
ods to enhance the visualization of biological
structures and pathologies is nowadays also used for
the implementation of classi¯cation models in bio-
medical applications. In this sense, diverse authors
have reported the interest of training classi¯cation
algorithms with polarimetric observables, which
lead to accurate classi¯cation models of tissues and
pathologies.23,24

Importantly, in the framework of biomedical
applications, the most used polarimetric observables
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are devised to study sample anisotropies as retardance
and/or dichroic (diattenuation and polarizance)
properties of samples. In this sense, some authors even
try to avoid the depolarization response of biological
tissue, because they consider that depolarization
masks the retardance and dichroic features of sam-
ples, being of interest for their applications.6 However,
in recent years, depolarization metrics have awakened
a high interest in biomedical applications, as they
provide fundamental and useful information about
tissues themselves. In this vein, there are in literature
several studies showing promising results and
highlighting the potential of depolarizing channels
for the visualization and classi¯cation of biological
tissues.24–27 Nowadays, the most widespread depo-
larizing metric used for biomedical applications is
the degree of polarization (DoP).28 Recently, a
generalization of the DoP metric, the so-called de-
polarization index (P�) is being used in multiple
scenarios as it provides better results than DoP in
terms of visualization.29–31 This P� has information
on the overall depolarization response of samples.32

Nevertheless, in the literature, we can ¯nd dif-
ferent polarimetric parameters representing the
depolarizing properties of a sample.32,33 Some of
them are able to provide larger image contrast and
physical interpretation than P�. In this paper, we
review recent results of di®erent works we con-
ducted in the framework of biomedical applications
of depolarization metrics. We demonstrate the high
suitability of these metrics for vision enhancement
of di®erent biological tissues, as well as to imple-
ment classi¯cation models leading to accurate clas-
si¯cation of tissues.24,27,34–36 These methods can be
of interest for di®erent biomedical applications
such as vision-guided surgery, tissue classi¯cation or
pathology detection.

The outline of this paper is as follows. Section 2
introduces the mathematical description of the de-
polarization metrics used in this paper. In Sec. 3, we
describe the experimental methods and materials
employed in the revised works. In Sec. 4, we dem-
onstrate the advantages of the indices of polari-
metric purity (IPPs) in comparison with P�, in
terms of depolarizers discrimination. As biological
tissues are particular cases of depolarizers, we
also motivate the use of IPPs for image contrast
enhancement of biological structures. In Sec. 5,
we take advantage of the IPPs ability for image
enhancing and discriminatory potential to build
di®erent pseudo-coloration models for biological

structures' enhanced vision. Afterward, in Sec. 6, we
propose di®erent classi¯cation models based on
classi¯ers and regression algorithms that are able to
provide accurate classi¯cation of di®erent tissue
samples. The main conclusions of the work are
provided in Sec. 7.

2. Mathematical Background

As stated in the introduction, depolarizing obser-
vables are valuable for a wide range of applications.
In this section, we will describe di®erent depolari-
zation metrics and spaces inspecting the depolariz-
ing properties of samples, and which are the basis of
the papers reviewed in this work. Even though that
one commonly used depolarization metric in bio-
medical applications is the depolarizing index P�,
we will describe ¯ve di®erent sets of depolarizing
parameters that have recently shown their useful-
ness for enhanced vision and classi¯cation. These
parameters can be divided into two categories: (1)
three sets of metrics based on the eigenvalues of the
covariance matrix (H) (the IPPs, the natural space
and the higher order parameters) and, (2) two sets
of metrics based on the canonical depolarizers
(the type I canonical parameters and the high-order
Lorentz parameters).32 From all those metrics, most
results presented in this work are based on the IPPs,
as they have shown to be especially suitable for vi-
sion enhancement in biomedical applications.

In the following subsections, some representative
depolarizing observables are described. In particu-
lar, whereas those observables based on the eigen-
values of H are described in Sec. 2.1, those based on
the canonical depolarizer are described in Sec. 2.2.
In addition, in Sec. 2.3, we brie°y describe the
three-dimensional (3D) depolarization spaces, these
being groups of three depolarizing metrics that can
be associated to the cardinal axes, enclosing spaces
where depolarizers can be represented.

2.1. Depolarization observables based
on the covariance matrix (H)

The covariance matrix H is a Hermitian semi-de¯ne
matrix that arises from a transformation of the
Mueller matrix (M) and is de¯ned as follows32,37,38:

HðMÞ ¼ 1

4

X3
i;j¼0

mijð�i � ��
jÞ; ð1Þ
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where mij represent the Mueller matrix elements, �
are the Pauli matrices and � is the Kronecker
product. This transformation of M to H is conve-
nient since H is a Hermitian matrix, and thus, di-
agonalizable, whereas the Mueller matrix is not
necessarily diagonalizable. Both the IPPs and
the parameters comprising the natural space are
based on the eigenvalues of H. In the ¯rst case, the
IPPs arise from lineal combinations of those eigen-
values and, the values conforming the natural space
consist of three of the four eigenvalues of H. Inter-
estingly, the eigenvalues of H are connected with
the enpolarizing and depolarizing properties of
samples.32

The four eigenvalues of Hð�iÞ provide the basis
for a decomposition of the Mueller matrix, the so-
called Cloude parallel decomposition32,37:

M ¼
X4
i¼1

�iMi; ð2Þ

where Mi are pure matrices and, the coe±cients �i
are the eigenvalues of H. To ful¯ll the condition of a
physically realizable M , the eigenvalues must sat-
isfy Cloude's criterion38:

0 � �4 � �3 � �2 � �1; ð3Þ
X4
i¼1

�i ¼ 1: ð4Þ

The combination of Eqs. (3) and (4) allows us to
eliminate one eigenvalue resulting in:

0 � �4 � �3 � �2 � 1� �4 � �3 � �2: ð5Þ
With this constraint, we achieve the three para-

meters de¯ning the natural space (�4; �3; �2).
The second set of metrics that we can de¯ne from

these eigenvalues are the IPPs, labeled as Pn, n ¼
1; 2; 3 and de¯ned by39:

Pn ¼
Xn
k¼1

k��k; ð6Þ

where ��k ¼ �k � �kþ1. The constraints from
Eq. (5) lead to the following condition on the IPPs:

0 � P1 � P2 � P3 � 1: ð7Þ
Another well-known depolarizing observable

reported in the literature is the so-called depolariz-
ing index P�, which results in a generalization of the
DoP to matrices.32 The P� is an overall measure of
the depolarizing properties of a sample. It is

restricted from 0 to 1, being the value 1 associated
to fully polarized samples and the value 0 to fully
depolarized ones. This metric can be written in
terms of the IPPs as follows40:

P� ¼ 1ffiffiffi
3

p
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2P 2

1 þ 2

3
P 2

2 þ 1

3
P 2

3

r
: ð8Þ

In turn, the parallel decomposition in Eq. (2)
can be rewritten as a function of the IPPs in the
following way32,41:

M ¼ P1MJ0 þ ðP1 � P2ÞM1 þ ðP3 � P2ÞM2

þ ð1� P2ÞM3; ð9Þ
where P1 acts as the weight of the nondepolarizing
component MJ0, P2 � P1 and P3 � P2 are the por-
tions of the medium behaving as a two-dimensional
(2D) depolarizer and a 3D depolarizer, respectively,
and 1� P3 is the portion of the medium acting as a
pure depolarizer. In this way, we can state how the
IPPs (and consequently, the eigenvalues of H) are
directly related to di®erent sources of depolariza-
tion. Therefore, in comparison with the parameter
P�, the IPPs not only further synthesize the infor-
mation (we go from one information channel to
three) but also provide a larger physical interpre-
tation of depolarizing processes.

The last observables reviewed in this subsection
are the depolarization indices of higher order, which
are a generalization of the depolarizing index P�.

33

Whereas the IPPs are de¯ned from a linear combi-
nation of H eigenvalues, the high-order depolari-
zation indices (P�;P

ð3Þ
� ;P

ð4Þ
� ) are a nonlinear

combination of them:

P
ðmÞ
� ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

4m�1 � 1
4m�1

X4
k¼1

�m
k � 1

 !vuut ; ð10Þ

where

0 � � � � � P
ðmÞ
� � � � � � P

ð3Þ
� � P� � 1: ð11Þ

Note that when m ¼ 2, we retrieve Eq. (8), this
being therefore a particular case of Eq. (10).

2.2. Depolarization observables based
on type I canonical depolarizer

parameters

This second group of depolarization metrics and
associated metric triplets (depolarization spaces)
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are based on model matrices called canonical
depolarizers.42

The ¯rst set of canonical depolarizing metrics we
revise is the so-called type I canonical depolarizers.
To determine these metrics Mueller matrices are
¯rst decomposed into di®erent constituent parts,
and the associated depolarizer Mueller matrix,M�d,
is calculated.43 Afterward, the covariance matrix
H�d associated to M�d is calculated according to
Eq. (1). The metrics of the canonical space
(d1; d2; d3) are constructed by linear combinations of
the H�d eigenvalues � 0

i
33:

d1 ¼ 1� 2� 0
3 � 2� 0

4; ð12Þ
d2 ¼ 1� 2� 0

2 � 2� 0
4; ð13Þ

d3 ¼ 1� 2� 0
2 � 2� 0

3; ð14Þ
whose values are restricted to jd3j � d2 � d1 � 1
due to Eq. (3). Finally, we describe another repor-
ted set of metrics derived from the canonical depo-
larizer. In particular, the so-called type I Lorentz
space is composed of three parameters
(LI ;L

ð3Þ
I ;L

ð4Þ
I ) which are de¯ned by nonlinear

combinations of the type I canonical depolarizer
parameters33:

L
ðmÞ
1 ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

4m�1 � 1
4m�1

1þ d2m
1 þ d2m

2 þ d2m
3

ð1þ d2
1 þ d2

2 þ d2
3Þ

�1

� �s
:

ð15Þ

2.3. Depolarization spaces

In Secs. 2.1 and 2.2, we have reported di®erent
triplets of depolarizing observables with the metrics'
values ranging from 0 to 1, and with their respective
restrictions due to the relations between variables.
Under this scenario, di®erent 3D depolarization
spaces can be de¯ned from each of these depolariz-
ing triplets, associating each metric of the triplet to
an axis in the 3D Cartesian space. The resulting
spaces, considering the speci¯c restrictions for each
studied observables triplet, lead to particular
volumes within the Cartesian space, where the dif-
ferent depolarizers can be represented. In all the
cases, the three triplets reviewed in Sec. 2.1 (the
natural, the IPPs and the high-order depolarization
indices spaces) and two triplets reviewed in Sec. 2.2
(Type I Canonical depolarizers and Type I Lorentz
spaces) lead to ¯ve di®erent tetrahedrons whose
speci¯c volume is constrained by the particular
relations between the variables in each case.27

The volumes inside the tetrahedrons contain all the
possible physically realizable depolarizers, each one
of them catalogued by a particular triplet of values
for the corresponding depolarizing space. Interest-
ingly, the spaces corresponding to the H eigenva-
lues, the natural space, the IPPs and the type I
canonical metrics, are linear spaces, whereas the
high-order depolarization indices and the type I
Lorentz spaces are nonlinear.27,33 In the linear
spaces, the relation between the variables con-
forming the limits of the tetrahedron is linear,
therefore, the limiting surfaces are plane, whereas in
the nonlinear case the relation between the vari-
ables is nonlinear and the bounding surfaces con-
forming the volume are nonlinear. As shown in
Ref. 27, the linear spaces enclose larger volumes
inside the tetrahedrons than nonlinear spaces, being
the Purity Space, associated to the IPPs, the one
presenting a larger volume. Note that larger
volumes tend to increase distances between two
di®erent depolarizers (representing, for instance,
di®erent tissue responses) and this situation may be
associated to better performance in terms of dis-
criminatory potential. For this reason, many times
the IPPs are preferred to be used for the visualiza-
tion of biological tissues, this being also the case
in some of the studies and results shown in the
following sections.

3. Materials and Methods

In this section, we present the description of the
experimental setup used to measure the Mueller
matrices of the inspected samples (Sec. 3.1). More-
over, in Sec. 3.2, we explain the sample preparation
process pre and post measure.

3.1. Experimental setup description:

Complete image Mueller matrix
polarimeter

In this section, we will describe the experimental
setup used to obtain the experimental Mueller
matrices of the samples analyzed in this work.

The experimental Mueller matrices of the sam-
ples analyzed in this text are obtained by means of a
complete image Mueller matrix polarimeter. The
polarimeter is comprised of two separated mobile
arms which are named the polarization state gen-
erator (PSG) and the polarization state analyzer
(PSA). Each one of these components contains a
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series of optical elements and devices allowing us to
generate and analyze, respectively, any state of
polarization. The combined use of PSG and PSA
systems allows us to obtain the experimental
Mueller matrix images of the samples. The PSG is
formed by a linear polarizer oriented at 0� with
respect to the laboratory vertical and two parallel
aligned liquid crystal (PA-LC) retarders oriented at
45� and 0�, respectively. In the case of the PSA, the
elements conforming this arm are the same as in the
PSG but located in the inverse order. Since we are
collecting images, the PSA includes also a CCD
camera to capture the intensity of the sample cor-
responding to each pixel. As stated, it is straight-
forward to demonstrate that this architecture for
the PSG and PSA allows to generate and measure
any possible state of fully polarized light. In addi-
tion to that, illumination is provided to the PSG by
a light source which can work at three di®erent il-
lumination wavelengths in the visible range
(625 nm, 530 nm and 470 nm), thus allowing us to
inspect di®erent characteristics of samples. The
mobility of both PSG and PSA allows to explore
di®erent angular measurement con¯gurations. In
this work, we set a particular con¯guration to
measure light scattered by the samples: the sample
is illuminated with the PSG located at 34� with
respect to the laboratory horizontal and the PSA is
at 0� with respect to the laboratory vertical to avoid
direct re°ections. A visual representation of the
setup is shown in Fig. 1.

In the following, we also provide detailed infor-
mation about the optical components comprising
the polarimeter: the illumination is provided by a
Thorlabs LED source (LED4D211, operated by
DC4104 drivers distributed by Thorlabs) com-
plemented with 10 nm dielectric bandwidth ¯lters
distributed by Thorlabs: FB530-10 and FB470-10
for green and blue wavelengths, respectively. The
linear polarizer located in the PSG is a Glam–

Thompson prism-based CASIX whereas the one
placed in the PSA is a dichroic sheet polarizer dis-
tributed by Meadowlark Optics. The four PA-LC
retarders are variable retarders with temperature
control (LVR-200-400-700-1LTSC distributed by
Meadowlark Optics). Finally, imaging is performed
by means of a 35mm focal length Edmund Optics
TECHSPECr high resolution objective followed
by an Allied Vision manta G-504B CCD camera,
with 5 Megapixel GigE Vision and Sony ICX655
CCD sensor, 2452ðHÞ � 2056ðVÞ resolution, and cell

size of 3:45�m� 3:45�m, so a spatial resolution of
22�m is achieved.

3.2. Sample preparation

We want to note that as an internal cross-check
designed to ensure the regional accuracy of the de-
polarization metrics, tissue was submitted to his-
tological analysis. The various samples were
provided by a local slaughterhouse and no labora-
tory animals were used for the experiments; previ-
ous treatment and commercial use of the animal
tissue was in accordance with Spanish legislation.
After acquiring the samples, they were either fresh-
prepared for immediate analysis or stored at �16�C
before deferred imaging. After polarimetric
analysis, regions of interest were cut into blocks
of approximately 2:5� 2:5 cm, formalin-¯xed
(4%), dehydrated, para±n-embedded and sliced
in 4–6�m-thick slices, mounted in standard
slides, stained with hematoxylin-eosin or Masson
technique and analyzed under light microscopy.
A detailed protocol of tissue processing and histo-
logical techniques is provided in the supplementary
¯les of a previous publication of our group
(see Ref. 24).

The pathological description of on of the samples
studied in this work is provided in the related
sample discussion in the following sections.

Fig. 1. 3D representation of the complete image Mueller
polarimeter composed of the PSG and the PSA. Figure inspired
from Ref. 24.
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4. Discriminatory Potential of the IPPs

In this section, we highlight the interest, in terms of
discriminatory potential between di®erent depolar-
izers, of one of the depolarizing triplets reviewed in
Sec. 2: the IPPs. Di®erent works have provided that
the IPPs are an ideal framework to study depolar-
izing responses of biological samples,24–27 being able
to increase the image contrast between di®erent
structures or even to reveal tissue structures which
are hidden when studied through nonpolarimetric
images (standard intensity images).

For a better understanding of the IPPs physical
interpretation as well as to highlight their potential
to discriminate between di®erent depolarizers, in a
recent work we provided a series of simple simula-
tions,34 and the corresponding experimental vali-
dation, to study some depolarizers cases in terms of
the IPPs, to be compared with the well-known and
commonly used depolarization index P� described
in Sec. 2.1.34 The selected depolarizers were con-
structed as an incoherent addition of very familiar
polarizing elements (polarizers, retarders, etc.),
which ease the interpretation of the obtained results.

On the one hand, simulated depolarizers were
constructed as an incoherent sum of pure matrices
of basic polarimetric elements, giving di®erent
weights to each Mueller matrix (term) in the addi-
tion. On the other hand, experimental validations
were implemented by spatially separating the dif-
ferent basic polarimetric elements used in the the-
oretical addition, and the weights of each element
were controlled by properly setting the portion of
energy of the input incident light beam illuminating
each element. Finally, all those light portions car-
rying the information of the di®erent polarimetric
elements were incoherently integrated in a detector.
More details of the simulations and experiments
conducted can be consulted in Ref. 34.

By way of illustration, we review the comparison
between two depolarizer cases, labeled as depolar-
izer A and depolarizer B. Regarding the depolarizer
A, it was constructed as the incoherent addition of
50% of a linear polarizer oriented at the horizontal
direction and 50% of a linear polarizer oriented at
the vertical direction. In turn, depolarizer B was
constructed as the incoherent addition of 50% of a
quarter-waveplate oriented at the horizontal direc-
tion, 25% of a half-waveplate oriented at 45� and
25% of the identity matrix (air in the experimental
implementation). A sketch of the depolarizers A and

B constituent parts is given in Figs. 2(a) and 2(b),
respectively. The green spot in the ¯gure represents
the illumination beam. The portion of light im-
pinging each material in Figs. 2(a) and 2(b) (speci¯c
green area in each material) describes the portion of
light that reaches each component of the depolar-
izers. This light portion (or green area) impinging
each element is correlated with the weights for the
di®erent light portions, that are incoherently added
at the detector.

In Table 1, we present the theoretical and ex-
perimental results obtained for the two studied
depolarizers, in terms of IPPs and P�, which were
calculated from corresponding theoretical and ex-
perimental Mueller matrices according to the rela-
tions provided in Sec. 2.1.

We see how depolarizers A and B are exactly the
same sample in terms of P�, but are quite di®erent
in terms of IPPs. This result is reinforced by ex-
perimental validation. Therefore, even depolarizers
A and B are very di®erent structures (see Fig. 2),
the global depolarization introduced by such sam-
ples is equivalent (P� ¼ 0:57 in both cases), and
they are not discriminated by this (commonly used)
metric. On the contrary, depolarizers A and B are
perfectly discriminated by IPPs, leading to two

Fig. 2. Optical scheme of the depolarizers (a) A, comprised of
a vertical (left) and horizontal (right) polarizer and (b) B,
comprised by a half wave plate (HWP) oriented in the hori-
zontal direction, a quarter wave plate (QWP) oriented at 45�

and the identity matrix. The green circle indicates the illumi-
nation corresponding to each one of the elements conforming
the samples.

Table 1. Theoretical and experimental results for the A and B
depolarizers.

Theory Experiment

P1 P2 P3 P� P1 P2 P3 P�

A 0.00 1.00 1.00 0.57 0.07 0.93 1.00 0.56
B 0.40 0.71 1.00 0.57 0.40 0.70 1.00 0.59
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separated points in the purity space. Therefore, this
result points in the direction that in nature, di®er-
ent depolarizing structures, that can be set by
di®erent tissues, organization, density, or size of
scatter units, etc., even being part of di®erent
physical origins, may lead to the same global de-
polarization, but IPPs arise as interesting tools to
discriminate such di®erent structures.

All the aforesaid indicates the usefulness of the
IPPs as a discriminative criterion versus the more
extended parameter P�. To further highlight the
potential of IPPs for biological tissues' visualiza-
tion, in the following, we provide an illustrative
example focusing on di®erent biological structures
present in an ex vivo animal sample. In particular,
we compare the images obtained for the same bio-
logical structures for a standard intensity image, for
the depolarizing index P� image, and for the three
IPPs images. The sample studied corresponds to the
endocardial view of a heart section of an ex vivo
lamb. Obtained images are provided in Fig. 3. We

see how depolarizing channels (P� in Fig. 3(e), and
P1;P2 and P3 in Figs. 3(b)–3(d), respectively) en-
hance the visualization of di®erent heart structures,
which are invisible or very di±cult to observe in the
standard intensity image (Fig. 3(a)). For instance,
the borders of the di®erent endothelium/endocar-
dium-lined structures such as myocardium proper
(Fig. 3), valves, and arterial wall. In addition, in the
image corresponding to P1 channel (Fig. 3(b)), we see
the appearance of an almost invisible structure to the
rest of the channels which corresponds to the blood
capillaries present in the papillarymuscles (see yellow
arrow). Moreover, in P1 (Fig. 3(b)) and P2 (Fig. 3(c))
images, we ¯nd a better de¯nition between structures
such as the mentioned papillary muscle and the
myocardium, that is highly de¯ned in the P3 image
(Fig. 3(d)), and the junction between themuscles and
the inner part of the myocardium. Note how in such
cases, we achieve ¯ner structure discrimination and
de¯nition with P3 than with the information pro-
vided in the P� image (Fig. 3(e)).

Fig. 3. Polarimetrical analysis of a sample corresponding to an endocardial view of the ventricular cavity with myocardium proper
(m) and papillary muscles (pm) (muscular intra-cavitary projections of the myocardium that are essential for valvular stability)
including their connective-rich insertion site of the chordae tendinae (heart strings), the yellow arrow indicates the blood capillaries
present in the pm. (a) is the intensity image, (b), (c) and (d) correspond to the IPPs and (e) is the image corresponding to the
depolarization index P�. The value of each polarimetric observable in the ¯gure is coded in a color map where 0 corresponds to black
(representing the minimum value of the observables) and 1 to white (representing the maximum values of the observables).
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As we said before, in this section, we show the
raw images of some of the depolarization metrics we
¯nd useful for improving contrast and highlighting
structures in organic tissue. In particular, we
wanted to highlight the usefulness of P1;P2 and P3

for achieving the best results in the analyzed sam-
ples. Our aim showing these results is to demon-
strate the potential of these observables for organic
samples' inspection. In the following sections, we
will show di®erent methods where we construct new
images allowing us to obtain better results than
Fig. 3, but always working with the depolarizing
images as a base. With this, we want to encourage
researchers working in this ¯eld to use these same
approaches in their studies or try new ones, always
based on images of depolarization observables. In
particular, we want to note that there already exist
in literature a wide number of image processing
methods capable of improving the image contrast
of biological structures,44 and under this scenario, it
would be useful to test them directly on polarimetric
images, instead of on standard intensity images.

Summarizing, in this section, we provided how
the IPPs are very suitable observables to discrimi-
nate between di®erent depolarizers, and how this
discriminatory potential can be applied for the
enhanced visualization of biological tissues, as they
are highly depolarizing structures.

5. Biological Tissues Enhanced Vision

Through Pseudo-Colored Functions

Based on IPPs

In Sec. 4, we provided the potential of the IPPs for
enhancing image contrast between di®erent biolog-
ical structures. As shown in Sec. 2, the IPPs consist
of three depolarizing observables (P1, P2 and P3)
that can be associated to an orthogonal basis that
gives rise to the purity space.27,33 In this section, we
use the IPPs basis to improve the visualization of
organic samples through a pseudo-colored ap-
proach. In particular, we associate each one of the
three IPPs channels corresponding to a given sample
with one of the primary colors (red, green and blue)
of the RGB color model. The following described
results can be further consulted in Refs. 35 and 36.

Given the experimental Mueller matrix of a
sample, the corresponding IPPs images can be cal-
culated. Starting from these three images, the ¯rst
pseudo-colored approach implemented consists of
building a linear combination of the IPP images

and associating each IPP channel (P1, P2 and P3)
to an RGB color. By setting ad hoc the weight
of each term in the linear combination, we are able
to enhance the visualization of certain tissues and
structures in biological samples.

In Fig. 4, we provide an example of the applica-
tion of this ¯rst pseudo-colored approach in bio-
logical tissues imaging.35 For comparison, the
analyzed sample is the same endocardial view of an
ex vivo lamb heart previously discussed in Sec. 4
(see Fig. 3). The particular pseudo-colored image
used to visualize the lamb heart is given by

Cpixðx; yÞ ¼ �1P1ðx; yÞ þ �2P2ðx; yÞ þ �3P3ðx; yÞ;
ð16Þ

where P1ðx; yÞ, P2ðx; yÞ and P3ðx; yÞ are the corre-
sponding IPPs images, associated to the red, green
and blue colors, and with �i being the summation
weights. The particular weights applied for the
lamb heart example are �1 ¼ 3, �2 ¼ 1, �3 ¼ 1,
giving larger weight to the P1 image as it was the
one providing larger contrast in certain heart
structures, as it is the case of heart blood vessels (see
yellow arrow in Fig. 3(b)). Obtained results are
shown in Fig. 4, where we compare the standard
intensity image of an endocardial view of ventricu-
lar cavity (Fig. 4(a)) with the corresponding pseu-
do-colored image (Fig. 4(b)) implemented according
to the above-mentioned. Note how the visualization
of the capillaries in the pseudo-colored image is
highly enhanced by applying this pseudo-colored
approach and could become a very useful tool, for

Fig. 4. Polarimetric analysis of an ex vivo lamb heart sample,
showing an endocardial view of ventricular cavity with solid
myocardium (m) and papillary muscle (pm) including their
connective rich insertion site (�). Where (a) is the intensity
image and (b) is the pseudo-colored image obtained by Eq. (16)
with �1 ¼ 3, �2 ¼ 1, �3 ¼ 1 where we stand out the capillary
structure present in the papillary muscle indicated with
the yellow arrow. Image adapted with permission from Ref. 35
© 2017 WILEY-VCH Verlag GmbH & Co. KgaA, Weinheim.
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instance, for clinical applications such as surgery, or
for the visual recognition of structures. The visual-
ization of other structures as heart valves and cav-
ities and some details of the muscles are also
enhanced in the pseudo-colored image.

Note that although visual improvement of bio-
logical tissues by using the above-stated pseudo-
colored approach is obvious, we note that the choice
of the weights was conducted ad hoc. Therefore, for
each new sample to be studied, a new search for the
proper weights must be conducted, which results in
a blind search. In this context, to achieve optimized
pseudo-colored functions, we also proposed two
di®erent approaches and algorithms devised to
build automatic pseudo-colored functions.36 In
particular, the two new pseudo-coloration approa-
ches proposed were based on, respectively: (1) the
Euclidean distances between mean values of IPPs
associated to di®erent tissue classes, and (2) the
probability of belonging to a given tissue class
according to a Gaussian distribution. Both methods
were based on calculating the IPPs mean values for
the tissue classes to be discriminated and then, to
assign, for each pixel in the ¯nal image, a given
distance (or probability of belonging, depending on
the method) to these tissue classes' mean values.
Afterward, each tissue class was assigned to a pri-
mary color, and the weight of each color (class) in
the ¯nal pseudo-colored image was obtained as a
function of the above-stated distances-probabilities
for each IPPs pixel value. A thorough description of
the algorithms applied to construct such optimized
pseudo-colored functions can be consulted in
Ref. 36.

As an example, in Fig. 5, we provide the results
for a trachea sample corresponding to an ex vivo
lamb. In particular, in Fig. 5, we compare the
image of the trachea section (Fig. 5(a)) with the
corresponding pseudo-colored image (Fig. 5(b)).
The particular pseudo-colored algorithm used to
achieve the image in Fig. 5(b) was based on the
Euclidean distances approach, which was the one
giving the best results for this particular case. In
this sample, two main structures of interest are
present, being indicated in Fig. 5(a): the cartilagi-
nous rings (indicated with the yellow square),
composed of hyaline cartilage, and the external
sheath (indicated with the blue square), also known
as tunica adventitia, mainly composed of collagen.
These two tissue classes were the ones selected to
apply the pseudo-colored functions.

In Fig. 5(b), we see how the cartilaginous rings
appear highlighted in yellow and the sheath is col-
ored in blue, increasing the visibility of these two
structures. Indeed, the edges of the rings are much
more delimited in the pseudo-colored image (Fig. 5(b))
than in the standard intensity image (Fig. 5(a)).
Moreover, by applying the pseudo-colored tech-
nique, some structures that are invisible in intensity
image are visible in the pseudo-colored image. For
instance, in Fig. 5(b) the region highlighted with a
dashed red rectangle is revealed to correspond to
the same kind of tissue as that of the tracheal rings
(probably the superposition image of the lateral
limbs of each ring).

6. Classi¯cation Models Based on

Depolarizing Observables

In Sec. 2, we describe di®erent sets of polarimetric
observables related to depolarization, including the
IPPs. These IPPs are used in Sec. 5 to implement
di®erent optical methods for vision enhancement of
organic structures. This capability of IPPs, and
other depolarizing observables reviewed in Sec. 2, to
discriminate between di®erent biological structures
can suggest their suitability to be used for auto-
matic classi¯cation purposes. In this way, in this
section, the depolarizing observables associated to
di®erent tissues obtained from a collection of ex vivo
chicken samples are experimentally measured and
used as features for classi¯cation purposes.

In particular, in Sec. 6.1, we present the physio-
logical description of the analyzed samples (muscle,
tendon, myotendinous junction and bone) extracted

Fig. 5. Intensity (a) and Euclidean pseudo-colored (b) images
of a lamb trachea at 470 nm illumination wavelength. Yellow
and blue squares show the reference areas corresponding to the
trachea ring and sheath, respectively. The arrows in (b) denote
the cartilaginous rings and the rectangle is highlighting the
trachea border.36
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from the legs of a collection of ex vivo chicken
samples. In Secs. 6.2 and 6.3, we propose some
classi¯cation and regression models, respectively,
useful for the automatic classi¯cation of the stated
tissues. Importantly, all the implemented classi¯-
cation models are based on the depolarization
metrics above stated.

6.1. Sample description

The structural properties of di®erent tissues are
directly related to the di®erent values of the polar-
imetric observables, depending on their histologic
structure and functionality. Therefore, here we
provide a brief physiological analysis of the di®erent
chicken structures studied. The chicken tissues an-
alyzed in this work are skeletal muscle, tendon,
myotendinous junction and bone. The skeletal
muscle is composed of bundles of long, fusiform,
multinucleated cells ¯lled with contractile myo¯-
brils and organized into fascicles surrounded both
individually (perimysium) and collectively (epimy-
sium) by sheets of collagen-rich tissue.45 Tendons
are composed of parallel fascicles of collagen fol-
lowing the same directionality as the corresponding
muscle.46 A collagenous fascia covers both muscle
and tendon.47 Myotendinous junction is a variable
combination of both previously described tissues.
They are progressively intermixed following a con-
tinuum along the muscle-tendon transition. Finally,
bones are composed of a dense matrix of collagen
¯bers arranged following both the axis of the bone
and concentrically surrounding every lacuna (spaces
containing cells that are dispersed through the
bone). Mineral deposits are in the collagen ¯bers
and, particularly, in the spaces between adjacent
collagen ¯bers.

6.2. Organic tissues classi¯cation

models based on depolarizing
observables

Di®erent works have reported an interest in using
classi¯cation algorithms for biological tissues rec-
ognition.23,24,27 By taking into account the potential
of depolarizing observables to discriminate between
organic tissues discussed in the previous sections, we
have studied the interest of implementing di®erent
classi¯cation models previously trained with depo-
larizing data. For the model construction, we se-
lected three well-known supervised machine

learning classi¯ers included in the \Statistics
and Machine Learning Toolbox" of the MATLAB
software: the decisiontree classi¯er, the linear
discriminant analysis for classi¯cation and the
k-nearest neighbor (kNN) classi¯er.48–50 These three
algorithms were trained by using data corresponding
to di®erent depolarization metrics triplets (those
corresponding to the depolarizing spaces described in
Sec. 2 and reported in Ref. 33), obtained from the
experimental Mueller matrices measured at three
di®erent wavelengths (625 nm, 530nm and 470 nm)
of a collection of ex vivo chicken samples. In partic-
ular, three di®erent types of chicken tissues
were inspected: tendon, muscle and myotendinous
junction tissues (described in Sec. 6.1).

From all the trained models, we observe that the
kNN classi¯er had the best performance with the
best accuracy in terms of tissue classi¯cation. For
this reason, the subsequent discussion is focused on
comparing the performance of kNN models trained
with di®erent depolarizing triplets, but results cor-
responding to other classi¯ers (based on other
algorithms) can be consulted in Ref. 27. In partic-
ular, the performance of ¯ve di®erent kNN classi¯-
cation models trained with a di®erent set of features
((1) natural space data, (2) IPPs data, (3) high-
order depolarization index data, (4) the canonical
space metrics data and (5) the type I Lorentz
parameters data) is presented in Table 2 in terms of
percentage of well-classi¯ed tissues. In addition, this
is provided for tissues illuminated with three dif-
ferent wavelengths (625 nm, 530 nm and 470 nm;
di®erent rows in Table 2). As can be observed in
Table 2, the best classi¯cation performance (65% of
well-classi¯ed tissues for an illumination wavelength
of 625 nm) is obtained when training the models
with natural space data as well as with IPPs data,
i.e., with those metrics based on the H eigenvalues
(see Sec. 2). This can be understood if taking into
account that these two depolarizing spaces lead to
the larger volumes within the studied spaces, and
this situation can be interpreted as larger discrimi-
natory capacity.27 In addition, if analyzing the
models performance as a function of the used
wavelength, we realize that the best results are
obtained for red illumination (625 nm). This can be
connected with the fact that larger wavelengths
penetrate deeper in soft tissues, and therefore, more
physical information can be encoded in depolariza-
tion content through light-matter interactions.51

Interestingly, the above-reported study was
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improved in Ref. 52 by training the classi¯cation
algorithms simultaneously with data coming from
multiple wavelengths (625 nm, 530 nm and 470 nm),
i.e., increasing the number of features used for
training our kNNmodels, achieving global accuracies
of 86%.

6.3. Organic tissues classi¯cation
and visualization based on

a regression model on

depolarizing data

In this section, we used regression models combined
with polarimetric data for classi¯cation.24 This ap-
proach is di®erent than the one discussed in
Sec. 6.2, with models based on di®erent classi¯ca-
tion algorithms.

In particular, we started the study by measuring
the Mueller matrix of the four tissues classes de-
scribed in Sec. 6.1 (bone, muscle, tendon and myo-
tendinous junction) from a statistical representative
collection of ex vivo chicken samples. This was
conducted for three di®erent wavelengths (625 nm,
530 nm and 470 nm). From each Mueller matrix
measured, for each of the four tissues classes, we
calculated a series of representative polarimetric
observables, that focuses in the main polarimetric
responses of samples (retardance, dichroism and
depolarization). In particular, the observables se-
lected were: the Polarizance (P ), representing the
capability of a sample to polarize a fully depolarized
light, the Diattenuation (D), representing the de-
pendence of the exiting intensity with the incident
state of polarization, the total Retardance (R),
stating the phase di®erence introduced by the
sample, the linear retardance (�), providing the
retardance corresponding to the associated linear
retarder and the optical rotation ( ), giving the
orientation of neutral axes of the associated linear
retarder. Further description of these metrics and

their physical interpretation can be consulted in
Refs. 32 and 52. In addition to the above-stated
polarimetric observables, we also included depolar-
izing measures as input data. In particular, from the
depolarizing spaces described in Sec. 2, we included
the IPPs into the study, as they provided their
suitability to the analysis of biological samples (see
Secs. 4 and 5). Finally, the depolarization index P�

(see Sec. 2) was also included in the study because it
is a widely used metric in biomedical applications.

After analyzing the data behavior corresponding
to the obtained measures, we realized that they do
not follow a normal distribution, so nonparametric
statistics were required. Consequently, we applied a
logistic regression on polarimetric data, as it is valid
for nonparametric distributions. However, before
applying the regression, we conducted a principal
component analysis (PCA), achieving the principal
components as a function of the polarimetric para-
meters.53,54 Speci¯cally, the logistic regression was
applied to obtained principal components, because
in this way, we ensure a convergent solution. In
addition, transforming the polarimetric space to the
principal component space allowed us to reduce the
initial 27 variables (nine observables for three
wavelengths) to a set of independent predictor
variables which maintain the information contained
in the original metrics describing an adequate pro-
portion of the variance of the initial data.24 In
particular, our PCA analysis reduced the number of
variables creating a 10-dimension space explaining
more than 90% of the original metrics variance.

Before applying the logistic regression on prin-
cipal components data space, we analyzed the dis-
crimination potential of these particular factors. To
do so, the receiver operating characteristic (ROC)
curve analysis was used as a criterion to describe the
discriminatory potential of each principal compo-
nent.55,56 Usually, to compare the performance of
di®erent classi¯ers it is common to calculate their
corresponding area under the curve (AUC). The

Table 2. Percentage of well-classi¯ed tissues as a function of the wavelength and the depolarization
parameter for the kNN classi¯cation method.

Eigenvalue-based depolarization metrics Canonical-based depolarization metrics

Wavelength (nm) �1; �2; �3 P1;P2;P3 P�;P
ð3Þ
� ;P

ð4Þ
� d1; d2; d3 LI ;L

ð3Þ
I ;L

ð4Þ
I

625 65 65 60 60 55
530 59 59 50 64 50
470 60 59 52 62 49
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AUC values are restricted from 0, corresponding to
no predictive capability to 1, where sensitivity and
speci¯city are 100%. The AUC values for each of the
10 principal components are provided in Table 3.

As a convention, it is generally assumed that
values of AUC larger than 0.5 present a certain
discrimination potential. In our case, the larger
AUC values when studying the principal compo-
nents are found for C1 and C4 components
(highlighted in bold in Table 3). In particular, the
C1 parameter presents the larger discriminatory
potential for the muscle, the myotendinous junction
and the bone tissues, whereas the C4 channel gives
the best result for the tendon.

The last step was to apply the logistic function to
¯t polarimetric data through the principal compo-
nents space. The logistic function is written as follows:

p ¼ 1

1þ e�ð�0þ
Pn

i �iCiÞ ; ð17Þ

where Ci are the i principal components, �i the
weights of each component and �0 a constant value.
Equation (17) is restricted between 0 and 1, its values
interpreted as the probability of a given outcome. As
we are dealing with four di®erent tissues, four di®er-
ent logistic regressions were conducted on the data
(each one for their corresponding tissue data class).
This situation led us to four models each one capable
of giving the probability of a certain tissue belonging

to a speci¯c tissue class. The explicit function of the
four achieved models can be consulted in Ref. 24. To
quantify the accuracy of the obtained models, in
Table 4, we present their corresponding speci¯city
and sensitivity values (two parameters usually
employed in the medical ¯eld to evaluate the accu-
racy of a predictive model).

By considering the results in Table 4, we obtain
high sensitivity and speci¯city values for the pre-
dictive model for muscle, tendon and bone, obtain-
ing values higher than 80% in all cases. In this
sense, the results obtained for tendon are especially
noticeable with a sensitivity of 83.5% and a speci-
¯city of 93.5%. The worst obtained results corre-
spond to the myotendinous junction tissue, with a
speci¯city of 71%. However, this agrees with the
physiological description of the tissues (Sec. 6.1),
being the myotendinous tissue a transition between
muscle and tendon. This physical nature of the
myotendinous junction makes it more di±cult to
discriminate between muscle and tendon, as they
present very high morphological and physiological
similarities.

Once we built the four probabilistic functions
above-stated, we applied them for imaging recog-
nition. In particular, for a given unknown tissue
image, the four models can be applied pixel-to-pixel,
assigning in each case a certain probability belong-
ing to a certain tissue class.

As an example, in the following, we show this
particular situation applied to the study of a ten-
don. An arbitrary tendon image, not belonging to
the database used to train the models, was tested.
In particular, from the Mueller matrix of an arbi-
trary chicken tendon, we extracted all the polari-
metric observables above-described and they were
transformed to the principal components space.
With the �i coe±cients corresponding to the al-
ready constructed models, and using the principal
components related to the new tendon, the function
shown in Eq. (17) was implemented for each tissue
class. This was conducted pixel-to-pixel, so four
images were obtained, each one providing the
probability of each pixel to belong to a certain tissue
class. Results are shown in Fig. 6, where the dif-
ferent probability images are represented in gray
scale (the black assigned for 0 probability and the
white for probability equal to 1). The corresponding
intensity image for the studied tendon is given in
Fig. 6(a). Figure 6(b) provides the probability
image when applying the muscle model to analyze

Table 3. AUC for the 10 principal components for the dif-
ferent tissues.

Muscle Tendon Myotendinous junction Bone

C1 0.733 0.699 0.754 0.734
C2 0.559 0.717 0.567 0.577
C3 0.528 0.651 0.583 0.512
C4 0.731 0.745 0.563 0.542
C5 0.667 0.733 0.500 0.527
C6 0.516 0.714 0.521 0.725
C7 0.567 0.567 0.508 0.722
C8 0.703 0.706 0.544 0.649
C9 0.581 0.540 0.616 0.507
C10 0.569 0.495 0.623 0.601

Table 4. Sensitivity and Speci¯city values of each predictive
model.

Muscle Tendon
Myotendinous

junction Bone

Sensitivity (%) 86.0 85.3 82.0 82.6
Speci¯city (%) 88.8 93.5 71.0 80.6
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the tendon; Fig. 6(c) provides the probability image
when applying the tendon model to analyze the
tendon; Fig. 6(d) provides the probability image
when applying the myotendinous junction proba-
bilistic model to analyze the tendon; and ¯nally,
Fig. 6(e) provides the probability image when ap-
plying the bone model to analyze the tendon. The
ideal result would be the tendon completely painted
in white for Fig. 6(c), and the tendon completely
painted in black for the other cases. Considering
results given in Fig. 6, we see that, indeed, the tendon
regression model satisfactorily recognizes the tendon
as a tendon, and we see that the other regression
models do not recognize the tendon as muscle, myo-
tendinous junction or bone, this providing the suit-
ability of regression models to be applied for
automatic classi¯cation of tissue images. In the case
of the myotendinous junction, the probability image
(Fig. 6(d)) shows a higher number of points closer to
white than the other tissue classes (bone andmuscle).
As stated before, this is in concordance with the
physiological characteristic of the myotendinous
junction described in Sec. 6.1, having very similar
properties to muscle and tendon tissues.

Summarizing, in this section, we have presented
two di®erent approaches for organic tissue classi¯-
cation, using both classi¯cation and regression
models trained with di®erent polarimetric obser-
vables. We retrieve excellent results when applying
the proposed models to the inspected biological

sample. Importantly, although these studies were
performed on chicken samples, the methods can be
extrapolated to di®erent animal or human tissues,
with potential within biomedical applications.

7. Conclusions

We have presented some results related to the use of
depolarization metrics in the biomedical applica-
tions ¯eld. We have found that the depolarization
observables are very adequate tools for the analysis
and visualization of biological tissues. Interestingly,
we highlighted the usefulness of a particular depo-
larizing observables triplet, the so-called IPPs, as the
most promising candidates for these applications.

First, to ease the understanding of IPPs metrics,
we provided a set of simulations and experiments,
based on synthesized depolarizers constructed by
the incoherent addition of basic polarimetric ele-
ments, of a very easy physical interpretation, and
that highlighted the use of IPPs as ideal depolarizing
space for discriminate between di®erent depolarizers.

As tissues behave as depolarizers by scattering
light (among other physical mechanisms), we ap-
plied this discriminatory capability of IPPs to show
how IPPs images highly improve the contrast be-
tween di®erent organic tissues, and they are
even able to reveal structures hidden in standard
intensity images. Furthermore, we also show how
they lead to enhanced vision of biological tissues

Fig. 6. (a) Intensity image and images of the probability of the di®erent tissue classi¯cation when applying: (b) the muscle-model,
(c) tendon-model, (d) myotendinous junction-model and (e) bone-model on a tendon sample. The gray level bars indicate the
probability of each pixel to be recognized as a particular tissue. Image [adapted] with permission from Ref. 24 © The Optical Society.

M. Canabal-Carbia et al.

2330004-14



when compared with the depolarization index P�, a
well-known and commonly used parameter for
studying depolarization e®ects in biological tissues.
Furthermore, to take advantage of this visualiza-
tion enhancement by means of the IPPs, we build
di®erent pseudo-colored methods resulting in better
visualization enhancement of organic tissue struc-
tures. The proposed methods for biological tissues
visualization arise as potential tools for clinical
applications for pathology detection or guided
surgery.

Finally, once we demonstrated the potential of
these depolarization metrics in the biomedical
framework, we studied their suitability for classi¯-
cation purposes. Under this scenario, di®erent
classi¯cation methods are presented in this work.
The implemented models are based on classi¯cation
and regression algorithms trained with polarimetric
data obtained from the experimental Mueller ma-
trices measured on four di®erent tissues (bone,
muscle, tendon and myotendinous junction) of sta-
tistically signi¯cant collection of ex vivo chicken
samples. Note that although in this case, the
methods are applied for animal tissues (achieving
very satisfying results in terms of predictive per-
formance) they can be adapted from animal to
human samples. We want to note that the classi¯-
cation methods presented in this work, applied on
ex vivo animal tissues, pave the way for future
studies in human tissues. In this sense, although the
e±ciency of the provided metrics has not been
tested for human applications, as for instance, to
test their suitability for the early detection of cer-
tain pathologies, the excellent classi¯cation results
obtained for animal tissue classi¯cation seem to
indicate that such metrics are ideal to be tested in
biomedical applications. In this sense, some ¯rst
results are being published in specialized literature.57
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