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Abstract— Neuro-oncological surgery is the primary
brain cancer treatment, yet it faces challenges with gliomas
due to their invasiveness and the need to preserve neu-
rological function. Hence, radical resection is often unfea-
sible, highlighting the importance of precise tumor mar-
gin delineation to prevent neurological deficits and im-
prove prognosis. Imaging Mueller polarimetry, an effective
modality in various organ tissues, seems a promising ap-
proach for tumor delineation in neurosurgery. To further
assess its use, we characterized the polarimetric prop-
erties by analysing 45 polarimetric measurements of 27
fresh brain tumor samples, including different tumor types
with a strong focus on gliomas. Our study integrates a
wide-field imaging Mueller polarimetric system and a novel
neuropathology protocol, correlating polarimetric and his-
tological data for accurate tissue identification. An image
processing pipeline facilitated the alignment and overlay
of polarimetric images and histological masks. Variations
in depolarization values were observed for grey and white
matter of brain tumor tissue, while differences in linear
retardance were seen only within white matter of brain tu-
mor tissue. Notably, we identified pronounced optical axis
azimuth randomization within tumor regions. This study
lays the foundation for machine learning-based brain tumor
segmentation algorithms using polarimetric data, facilitat-
ing intraoperative diagnosis and decision making.
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[. INTRODUCTION
A. Brain cancer and neurosurgery challenges

N 2020, approximately 300,000 cases of central nervous

system (CNS) cancers were diagnosed worldwide, leading
to around 250,000 deaths [1]. Neuro-oncological surgery plays
a central role in the first-line treatment of brain tumors.
Gliomas, the most frequent intraaxial CNS tumors, often
exhibit an infiltrative growth pattern [2]. Furthermore, they
frequently develop in critical regions of the brain, known
as “eloquent areas”, which house vital functions such as
speech, movement, and vision. The complete tumor resection
while preserving neurological function is of utmost importance
during neurosurgery, since both are closely associated with
improved prognosis [3], [4]. Nevertheless, as healthy (HT)
white matter (WM) cannot always be distinguished from
tumor tissue, complete surgical resection of gliomas is often
unattainable and finding a cure for these tumors remains
elusive. Hence, accurate identification of tumor boundaries as
well as identification of crucial fiber tracts is critical to enhance
the procedure’s effectiveness.

Significant research efforts have been made for intraopera-
tive techniques to distinguish healthy brain tissue (HBT) from
neoplastic brain tissue (NBT). Despite their respective merits,
each one of them has drawbacks. Intraoperative magnetic
resonance imaging (MRI) depicts the extent of resection [5],
but is very costly, time consuming and a single-time point
method [6], [7]. 5-ALA based fluorescence [8], [9] reveals
residual tumor clusters, but only in a subset of brain tumors,
such as glioblastoma and CNS WHO grade 3 glioma. Neuron-
avigation provides guidance but loses accuracy during surgery
due to brain shift [10], and has limited value for HBT versus
NBT interface identification. Secondly, there is currently no
method to identify fiber tracts in real time. Hence, there is
a significant clinical need for the development of an non-
invasive, real-time, repetitive intraoperative method to reveal
the HBT/NBT interface and depict fiber tracts.
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B. Biomedical applications of Mueller polarimetry

Numerous studies reported the potential of polarimetry-
based methods for tissue characterization, both ex vivo [11],
[12] and in vivo [13]-[15]. Mueller polarimetry has shown
effectiveness in distinguishing HT from neoplastic (NP) tis-
sues in various human organs, including the colon [11], the
cervix [12], [14], the skin [13], and the larynx [15]. Mueller
polarimetry is applicable in brain tissue imaging, because
linear birefringence is exhibited by brain fiber tracts, the
organized structures within brain WM. Several studies reported
the ability of polarimetry for the evaluation of brain fiber
tract organization and their reconstruction using polarized
light imaging [16]-[18]. Moreover, we demonstrated in a
prior study the IMP’s capability to determine nerve fiber tract
orientation within the imaging plane [19]. Paired with machine
learning (ML) algorithms, IMP enables the differentiation
between the WM, housing these nerve fibers, and the grey
matter (GM) [20]. Additionally, as IMP is sensitive to the
orientation of the brain fibers [19], we also expect it to be
sensitive to the disruption of the very ordered structure of the
HBT WM caused by tumor growth.

Based on these observations, we pursued the development of
a new method using wide-field Imaging Mueller Polarimetry
(IMP) to detect brain tumor margins intraoperatively. IMP
offers specific advantages such as a relatively simple instru-
mentation, being a non-contact modality, and works without
employing any contrast agent as the technique is label-free,
hence, being harmless for the patients. IMP does not make
use of contrast agents, contrary to 5-ALA assisted brain
tumor surgery [21]. Additionally, IMP offers near real-time
imaging capabilities [22], contrary to the diffusion tensor
imaging [23], to capture wide-field images with a FoV up to
tens of square centimeters, contrary to en-face polarization-
sensitive optical coherence tomography [24]. This enables
the visualization of the entire surgical cavity and collec-
tion of valuable information in a very limited amount of
time, allowing for easy integration into surgical workflows.
Our tailored wide-field IMP system also exhibits resilience
in simulated surgical environments, such as the presence
of blood, sample tilting, and presence of complex surface
topography [25], [26]. Moreover, IMP could be used in a
multispectral configuration, allowing to gather simultaneously
spectral and polarizing characteristics of the tissue [27]. The
penetration depth of detected polarized light backscattered
within the WM of brain tissue is limited and was estimated
to be approximately 100pum [28]. However, this limitation
should not significantly hinder the integration of IMP into
surgical workflows, as the surgeons mostly focus on the
exposed tissue layer that they are going to resect. IMP might
also be used in combination with other methods, if needed at
a crucial time point, to highlight the presence of fibers located
deeper in the tissue. Altogether, these observations underscore
its potential for practical application in clinical settings.

C. Significance and related work

Polarimetric properties, like linear birefringence, play a
pivotal role in understanding the microscale structural organi-

zation and optical behavior of various biological HT and NP
tissues [29], [30]. Various optical properties of HBT and NBT
have been characterized, in both in vivo and ex vivo tissue,
using diverse optical techniques, such as optical coherence
tomography [31], hyperspectral imaging [32], [33], and Ra-
man spectroscopy [34], [35]. However, there’s a knowledge
gap in quantifying the polarimetric properties of HBT and
NBT. Hence, characterizing these polarimetric properties is
a crucial step in our approach. Bridging this gap would
provide deeper insight into brain tissue’s optical response
to probing polarized light and alterations induced by brain
tumor growth. The identification of potential polarimetric
biomarkers enhancing image contrast between HBT and NBT,
and the development of a database comprising accurately
annotated polarimetric measurements, could help in the further
development of imaging polarimetric tools and associated ML
segmentation approaches for the intraoperative brain tumor
delineation. We opted to utilize ex vivo brain tissue mea-
surements since obtaining high quality in vivo polarimetric
measurements was not possible with the current version of
the instrument. Additionally, obtaining accurate ground truth
for tissue identification posed challenges with in vivo tissues.

D. Summary of the contribution

In this study, the custom-built wide-field IMP [26] was
used to image brain tumor specimens immediately after their
surgical removal. The samples included a combination of
both tumor center, with a high tumor cell concentration, and
infiltration zone, with a lower concentration of tumor cells.
A neuropathology protocol was designed to i) obtain the
ground truth (GT) in terms of histological characterization of
brain tissue (i.e., neuropathological diagnosis) and ii) correlate
this diagnosis to the polarimetric properties of the sample.
A tailored image processing pipeline mapped the GT and
polarimetric parameter maps. By assessing the variations in
polarimetric parameters across different brain tissue types,
we were able to quantify for the first time the polarimetric
properties of fresh NBT from various brain tumor types and
contrast them with HBT. Our findings highlight the IMP’s
potential in distinguishing HBT and NBT. Leveraging the
IMP’s distinctive capabilities, we aim to contribute to the
development of real-time intraoperative imaging tools, that
will be of great help to the neurosurgical community by
achieving more precise tumor resections.

[I. METHODS
A. Imaging Mueller polarimetry system

We examined brain tumor samples using the wide-field IMP
operating in reflection configuration in a visible wavelength
range, with a field of view (FOV) 2.4 x 2.1 cm. Detailed infor-
mation on the design, calibration, and optimization of our IMP
instrument has been previously reported in other studies [12],
[19], [25], [26], [36]-[38]. To summarize, the instrument
described consists of an incoherent white light source, a
Polarization State Generator (PSG) for modulating incident
light polarization, and a detection arm with a Polarization
State Analyzer (PSA), spectral filter wheel and a CCD camera
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Fig. 1. The neuropathology protocol for correlating polarimetric parameters and GT for tissue identification in brain tumor samples: (a) brain

surface image during resection with a white dashed line showing the borders of the excised tissue; (b) sample cutting into = 2 X 2 cm sections, if
needed; (c) initial acquisition of polarimetric parameters of a fresh sample; (d) Freezing at -80°C; (e) cryosectioning; (f) sample thawing in PBS; (g)
subsequent polarimetric parameter acquisition of thawed sample; (h) H&E staining and digital scanning of the first and last sections; (i) annotation

by a neuropathologist, providing GT for tissue identification.

for image registration. The PSG utilizes a linear polarizer,
two voltage-driven ferroelectric liquid crystals (FLC), and a
further waveplate placed between the two FLCs. The PSA has
the same components arranged in reverse order. The modu-
lation of polarization of the probing light beam is performed
sequentially. To reconstruct the Mueller matrix of a sample,
the system performed 16 intensity image measurements by
analyzing 4 linearly independent polarization states generated
by PSG and 4 linearly independent polarization states of PSA.
To enhance the signal-to-noise ratio, we performed 8 sets
of 16 intensity measurements and subsequently averaged the
outcomes. The post-processing of the recorded Mueller matrix
images was done using the Lu-Chipman polar decomposition
algorithm [39]:

M = MAMpMp (D

with Ma, Mg, and Mp denoting matrices that represent three
optical elements, specifically the polarizing depolarizer, the
retarder, and the diattenuator. Mp represents the product of
the matrix of the linear retarder Mgy and the matrix of the
circular retarder Mgc:

Mg = MrrMgc (2)
We then extracted Mpy, using:
Mpr = MpMp¢ 3)

Our research has concentrated on investigating the total depo-
larization coefficient A, the linear retardance §, the azimuth
of the optical axis ¢ and the greyscale intensity I, calculated
as:

A =1 gltr(Ms - 1), @

0= COS_l <\/(MRL22 + MRL33)2 + (MRLSZ - MRL23)2 - 1) )

&)

_ 1 -1 MR24
Y= §ta (MR43> ) (6)
I=My @)

These parameters have been shown to be representative for
brain tissue differentiation [19], [40]. The measurements in-
cluded in this study were performed at 550 nm. This wave-
length might be suboptimal for certain tissue types, especially
in the presence of blood due to a peak of hemoglobin ab-
sorption in the red part of the spectrum. However, choosing
550 nm allowed to obtain the highest quality images as the
sensitivity of the optical instrumentation and of the sensor
camera currently in use were optimised for the considered
wavelength.

B. Neuropathology protocol

Fresh NBT samples including both tumor center and infiltra-
tion zone were collected from the operating room immediately
after their removal by a neurosurgeon (Fig. [Th). This study
includes 45 measurements from 27 NBT samples containing
distinguishable GM and WM, sourced from 16 patients. The
samples showcase various tumor types and subtypes (as out-
lined in Tab. I, but were predominantly gliomas. Informed
consent was obtained from all patients. The study received
approval from the cantonal ethics committee of Bern (KEK BE
2019-02291) and adheres to the principles of the Declaration
of Helsinki.

TABLE |
OVERVIEW OF THE MEASUREMENTS INCLUDED IN THE STUDY.
Tumor type # Measurements | Mean age | Proportion

Glioblastoma 15 61.9 33.3%
Oligodendroglioma 18 40.0 50.7%
Astrocytoma 11 40.5 24.4%
Metastasis 1 78 2.2%
Total 45 52.5 100%

Multiple sections were obtained to image lesions along
various planes and directions, ensuring consistent image detail
and resolution based on the camera’s FOV (Fig. m)). The
lateral dimensions of the sections were 2 x 2 cm and
the thicknesses varied depending on the size of the tissue
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~
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Fig. 2. The image processing pipeline aligning neuropathological diagnosis with polarimetric features: (a) inputs: polarimetric greyscale intensity
image, histology scanned slide, and histological masks; (b) pre-alignment; (c) contour extraction of polarimetric and histological images; (d) contour
matching and transformation of neuropathological masks; (e) manual selection of matched fiducial landmarks (white boxes) in both polarimetric
and histological images; (f) deformation of histological image and histological masks based on fiducial landmarks and expansion of labels to match

foreground boundaries.

sample being received from the OR, usually being ~ lcm
and always > 2mm. Note that the thickness of all considered
tissue samples was at least one order of magnitude larger
than the penetration depth of polarized light in our settings
(= 100pm [28]). Tissue samples with an overall thickness
inferior to 2 mm were not considered to ensure the absence of
impact on the polarimetric parameters. The pre-processed fresh
NBT samples, typically presenting a somewhat uneven surface,
were then placed onto a glass Petri dish, rinsed with water,
and underwent measurements using the wide-field IMP system
(Fig. [Tk), enabling the first acquisition of sample polarimetric
parameters. The samples were then embedded in Optimal
Cutting Temperature compound (OCT, Biosystems 81-0771-
00) and frozen at -80°C (Fig. [Tld). Sectioning yielded 20 serial
cryosections, or fewer if the tissue quantity was insufficient,
from each sample (Fig. [Tg). The first and last 10 pm thick
sections underwent histological analysis with Hematoxylin and
eosin (H&E) staining, providing a neuropathological diagnosis
as close as possible to the measured tissue zone. The remaining
sections were stored in the -80°C freezer for further molecular
analyses. The samples were then thawed by immersing them
in phosphate-buffered saline (PBS) at room temperature (Fig.
[I), and rinsed with water before optical measurements were
carried out using the IMP instrument (Fig. [Tlg) to capture the
polarimetric properties of the thawed sample.

The H&Es slides were scanned (Fig. Eh) and subse-
quently annotated by a board-certified neuropathologist using
QuPath [41]. These annotations served as the GT for tissue
characterization (Fig. [Tj). Specifically, annotations included
three categories based on tumor cell content (TCC) within a
sample zone: 0 - 10%: HT tissue; 10 - 70%: Infiltration Zone
(IZ) and ; 70 - 100%: Tumor Center (TC). The two latter
are subcategories of the NP category. A TCC exceeding 70%
is considered sufficient for molecular analysis in diagnostic

neuropathology [42]. Additionally, when histomorphologically
possible, a second annotation of GM versus WM created a
second mask for all studied sample images.

C. Matching neuropathology and polarimetry

The next step involved matching the histological labels to
the polarimetric images of the same brain tissue sample. We
mapped histological labels onto the greyscale intensity image,
enabling the integration of histological labels and polarimetric
maps within the same referential. Due to important differences
between histological images of thin sections and greyscale in-
tensity images of bulk brain tissue, caused by processing steps
of the protocol, an image processing pipeline was necessary
to recover spatial correspondence of delineated boundaries
between histological and polarimetric images. In our pipeline,
polarimetry served as the “fixed” modality while histology
was the “moving” modality. Every manual interaction in the
pipeline has been performed by experts or under supervision
by experts.

Due to resolution imbalance, histological scans (with a
resolution up to 200,000 x 100,000 pixels) were resampled
to match the size of polarimetric images (516 x 388 pixels)
(Fig. 2h). We then implemented a pre-alignment step using
an affine transform with manually selected parameters on the
resampled histological images (Fig. 2b).

Subsequently, a two-fold approach matched polarimetric
and histological images. In a first time, we extracted tissue
contours, automatically for histological images using the labels
and manually for the intensity images of fresh and thawed
tissue (Fig. 2k). More specifically, we manually drew masks
of the contours of the tissue visible in the histological image
using the greyscale intensity image. A method described
in [43], [44] leveraged contextual information from skeleton
structures for extracting pairs of matching contour points (Fig.
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PH), that were then used to align external parts of the images
using a framework described in [45].

In a second time and to ensure accurate matching of internal
regions, we used a step matching fiducial landmarks in both
polarimetric and histological images. To achieve this, we em-
ployed a set of N manually selected corresponding points (Fig.
CE). A minimum of 15 matching points was required to ensure
consistent border mapping. Increasing the number of match-
ing points had the potential to enhance mapping accuracy,
particularly for larger or morphologically complex samples.
However, the availability of matching landmarks depended
heavily on two factors. Firstly, it relied on the tissue structure
and the quality of the corresponding H&E slide, as these
influenced the identifiable features in both images. Secondly,
it was influenced by the sample size, with larger a number
of matching landmarks being more readily identifiable when
the sample occupied a larger portion of the FoV of the IMP.
This was motivated by finding an optimal trade-off between
mapping accuracy and manual annotation labour. N ranged
from 15 to 35 for 39 samples, having only a few samples for
which N > 35, with a maximum of N = 50. These matched
points constrained and regularised the elastic deformation that
would be applied to the histological images [46] (Fig. 2K).
Polarimetric images foreground borders, extracted from the
manually drawn contour mask, are shown on all polarimetric
maps in the results. Pixels in the polarimetric foreground
lacking a histological label were assigned the label of the
nearest labeled pixel.

The skeleton matching was performed using an avail-
able implementation |'| with the default parameters, while
the images were aligned using an implementation of the
moving least squares method ﬂ The deformation based on
the landmark points was performed using the bUnwarp]
ImageJ] plugin | with the default parameters, except for
initial_de formation being set to Coarse, landmark_weight
to 3, and stop_threshold to 0.05.

We sought to validate the pipeline aligning polarimetric
and histological images to ensure accurate matching of bor-
ders between zones of different tissue types (i.e., 70-100%
TCC vs. 10-70% TCC or GM vs. WM) corresponding to
a priori expectations. To achieve this, we manually created
a GT mask for 7 polarimetric intensity images, delineating
GM and WM zones using corresponding measured greyscale
intensity images. Next, we extracted the GM/WM border by
identifying pixels labeled as GM or WM with neighbors
labeled differently. We dilated the border line (BL) with a
7 x 7 unit matrix kernel through 5 iterations, resulting in a
31-pixel BL. The dilation was applied in such a way to fit the
uncertainty region, defined as the area where pixels cannot be
unambiguously attributed to either GM or WM zones, with
a width of approximately 1.60 mm [36]. With each pixel
representing 0.05mm, the dilated BL corresponds to 1.55mm,
encompassing the size of the uncertainty region. Subsequently,
labels for GM and WM zones were obtained after each step

Uhttps://github.com/mmkamani7/SkeletonMatching
Zhttps://github.com/Jarvis73/Moving-Least-Squares
3https://imagej.net/plugins/bunwarpj/

of the matching pipeline. Similarly, we extracted the GM/WM
borders and overlaid the two GT border with the aligned
border to visually assess their similarity. The dice scores were
computed using the following formula:

2 XNY |

DSC = +—F7——
| X[+ ]Y]

®)
with X being the border line pixels of the aligned image,
and Y being the BL pixels of the GT image. They provided
an objective measurement of the similarity between the two
borders.

D. Quantification of polarimetric parameters

We characterized the polarimetric parameters of fresh HBT
based on nine measurements from fresh brain autopsy samples.
The same neuropathology protocol was applied to both NBT
and HBT samples. Masks delineating GM and WM, as well
as the background (BG), with no tissue, were manually drawn
for HBT using greyscale intensity image whereas for NBT,
masks were obtained from the protocol described in Sections
and

Polarimetric parameter distributions were extracted for each
combination of GM/WM and TCC regions (e.g., regions
labeled as (HT+WM), or as (IZ+GM), or as (TC+WM),
etc.). The previously generated masks were used to extract
depolarization and linear retardance values. We quantified the
variability in the azimuth of the optical axis at a local scale
and introduced a new metric, the “azimuth local variability”,
by computing the circular standard deviation within 4 x4 pixel
patches fully within the considered GM/WM and TCC regions.
We conducted computations using various sizes, ranging from
3x3 pixel to 10x 10 pixels and found that the most pronounced
contrast between NP and HT tissue was achieved by using a
4x4 pixel regions. Moreover, using larger patches leads to
border blurring between the different tissue types. Addition-
ally, we estimated the BG noise by extracting such patches
exclusively from the BG zones. The distributions obtained
from individual sample measurements across the entire sample
set were combined to establish global parameter distributions
in multiple tissue regions. We normalized the distribution of
the three polarimetric parameters (4, J, ¢) based on the ex-
tracted regions, ensuring that the normalization process takes
into account the specific regions of interest extracted from
the greyscale intensity image. Histograms of these parameters
were generated to facilitate comparisons across different tissue
types and statistical descriptors, including mean, standard
deviation, and median values, were computed for the distri-
butions of depolarization, linear retardance, and azimuth local
variability in different GM/WM and TCC regions.

We fitted histograms with a sum of two Gaussian distri-
butions for the azimuth local variability in WM brain tissue,
Two components were selected as two peaks were visible in
the azimuth local variability distributions in NBT regions, and
as from theory we expect to observe two kinds of tissues:
one highly affected by tumor cell growth showing high az-
imuth local variability and one slightly affected, showing low
azimuth local variability. We then compared the parameters
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Fig. 3. Matching protocol results: (a) the manually drawn tissue mask
was used to extract (b) the GM/WM border. The labels (15! column),
border (2" column) and the over-imposition of the border with the GT
(8 column) were obtained after four steps of the matching protocol:
(c-e) the inputs; (f-h) after the pre-alignment; (i-k) after the contour
matching; and (I-n) the final labels after the deformation and filling step.

of two Gaussians obtained in the different TCC regions to
gain insights on mechanisms governing the azimuth variability
among different TCC regions.

[1l. RESULTS
A. Mapping protocol

To evaluate the similarity between the GT and the histo-
logical labels generated by the image processing matching
protocol, we represented the histological labels (1% column),
GM/WM border (2™ column), and GT-histological mask bor-
der overlay (3" column) after the four matching steps (Fig.

The GT tissue mask (Fig. Bh) was used to extract the GT
GM/WM border (Fig. Bb). The 1% row shows the input labels
(Fig. Be). Border from the input labels (Fig. [Bd) misaligns
with GT (Fig. ). The 2" row, “Pre-aligned”, represents
labels after the pre-alignment step of the protocol (Fig. [3f).
The border (Fig. B) is closer to GT, yet differences persist,
especially in the lower part of the image (Fig. ). The 3%
row, “Contour matched”, shows labels after contour matching
(Fig. B])- The border (Fig.[3j) and similarity with GT resemble
“Pre-aligned” ones (Fig. [3k). This was expected as the contour
matching step primarily focuses on the portions of the images
located close to the border with the BG. The 4" row represents
the labels after deformation and filling, corresponding to final
labels (Fig. 3]). The border’s shape (Fig. [Bm) closely matches
GT (Fig. Eh). These observations are further substantiated
by the Dice scores (Table [lI), which quantify the similarity
between the two sets of boundaries.

TABLE I
DICE SCORES FOR THE MEASUREMENT OF THE SIMILARITY.
Inputs Pre-alignment 1(312?:}(1):3 Final labels
0.374+0.09 | 0.63 £ 0.11 0.64 £ 0.09 | 0.72 £ 0.09

Polarimetric maps and histological masks of a human fresh
autopsy brain sample. From top left to bottom right are represented:
the greyscale intensity image I, the maps of the depolarization A, the
linear retardance & and the azimuth of the optical axis ¢, as well as the

histological labels. The scale provided for the top left image is the same
for all images.

Fig. 4.

B. Qualitative results

The greyscale intensity image, alongside depolarization,
linear retardance, and azimuth of the optical axis maps, is
presented with aligned TCC and GM/WM masks for one HBT
sample (Fig. @) and four NBT samples, each categorized as a
different brain tumor type (Fig. ). All four samples contain
a mixture of GM and WM tissue with regions labeled with
varying TCC. In Fig. ] typical HBT polarimetric parameters
are visualized, showing a strong contrast between GM and
WM in depolarization and linear retardance maps, as well as
clearly oriented brain fibers in the azimuth of the optical axis
map.

1) Glioblastoma: The first sample (Fig. [Bp) is diagnosed
as a glioblastoma, IDH-wildtype, CNS WHO grade 4. One
can observe the presence of blood in the top-left zone of the
greyscale intensity image as well as the presence of a gyrus
in the bottom part of the image. Depolarization values are
similar to those observed in HBT, showing a contrast, although
slightly reduced, between GM and WM. However, linear
retardance values in the WM appear slightly reduced compared
to the typical HBT values (= 20°). Still, a small contrast
persists, with higher linear retardance values in the region
labeled as WM compared to the GM region. However, the
depolarization and linear retardance values and their contrasts
between WM and GM are not as consistent as it was observed
for HBT. This might be due to the presence of blood and a
gyrus in the sample. The azimuth ¢ in the (TC+WM) region
exhibits considerable variability and fails to clearly visualize
brain fiber tracts. Some areas in the (IZ+GM) zone, located
in or close to the gyrus, show lower azimuth variability and
higher linear retardance values.

2) Astrocytoma: The second sample (Fig. [5b) is diagnosed
as an astrocytoma, IDH-mutant, CNS WHO grade 4. Blood
presence (black spots) can be observed again on the left of
the greyscale intensity image. Depolarization values resemble
those in HBT samples, featuring a contrast between GM and
WM, except in the region with blood, where depolarization
values drop due to the peak of hemoglobin absorption around
550nm. Linear retardance values, however, are lower than
expected in the WM region for HBT. Once again, a pattern of
noisy azimuth of the optical axis is evident in the (TC+WM)
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Grade 3 Grade 4 Grade 4
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Fig. 5.

Labels TCC

Labels GM/WM
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s WM

Healthy Tissue
Infiltration Zone
Emm Tumor Center

Polarimetric maps and neuropathological diagnosis for four different brain tumor samples: (a) a glioblastoma, IDH-wildtype, CNS WHO

grade 4; (b) an astrocytoma, IDH-mutant, CNS WHO grade 4; (c) an oligodendroglioma, IDH-mutant and 1p/19g-codeleted, CNS WHO grade 3
and (d) a brain metastasis from a small cell neuroendocrine lung cancer. The columns from left to right show the greyscale intensity image I, the
maps of the depolarization A, the linear retardance § and the azimuth of the optical axis ¢, as well as the labels for TCC and GM/WM masks. The

scale provided for the top left image is the same for all images.

region. Some regions in the GM exhibit low azimuth local
variability and high linear retardance.

3) Oligodendroglioma: The third sample (Fig. [5t) represents
an oligodendroglioma, IDH-mutant and 1p/19q-codeleted,
CNS WHO grade 3. Visual inspection of the depolarization
and linear retardance maps reveals that both parameters display
properties similar to those in HBT, such as higher depolariza-
tion and linear retardance values in the WM zone compared
to the GM zone. Similar to the first sample, the azimuth ¢
exhibits important variability in the (IZ+WM) region. The
variability however appears less important than in the first two
samples. This sample differs from the first two samples as the
region labeled as WM is also labeled as IZ and not TC, which
might explain the different results.

4) Brain metastasis: The fourth sample (Fig. [5{d) is a brain
metastasis from a small cell neuroendocrine lung cancer. There
is an important amount of blood in the top part of the sample
and in the gyrus located at the center of the greyscale intensity
image. The depolarization values for both GM and WM zones
are similar to those in HBT, except in the regions with blood.
Regarding the linear retardance map, we observe high values
of retardanc in some regions of GM, while the values in the
WM zone are lower than the typical values for (HT+WM)
regions, although slightly higher than the values observed in
the (TC+WM) zones in the first and second samples. Similar
to the other samples, the same pattern of noisy azimuth ¢
is found in the (TC+WM) region, with a lower azimuth ¢
variability pattern in the (HT+WM) region. We also observe
some regions in the GM exhibiting quite low azimuth local
variability and high linear retardance.

5) Characterization of the azimuth local variability: To bet-
ter comprehend the extent of azimuth randomization within

i)

Fig. 6. Greyscale intensity images and corresponding maps of the
azimuth local variability for (a-d) two HT human brain specimens and
(e-l) four analyzed tumor samples from Fig. [5} The scale provided for
the top left image is the same for all images.

(NP+WM) areas compared to (HT+WM) zones, we imple-
mented a visualization method for the azimuth local variability
(Fig. [6). This method involved calculations of the circular
standard deviation for 4 x 4 pixel patches, which served as
a metric for quantifying the local variability level for the
azimuth . We plotted the images of human HBT obtained
from a brain autopsy to establish a reference for the typical
azimuth local variability level in HBT (Fig. [6h-d). While some
localized WM subregions exhibit high variability level in HBT,
the variability remains low in the WM, typically below 10°.
This opposes to the azimuth local variability level observed in
the NBT (Fig. [6e-1), where it is elevated in the WM region
compared to human HBT, exceeding 35°. Conversely, we did
not observe any increase in variability level in the GM areas,
except for the glioblastoma sample (Fig. [6g, f).

In summary, we found that the values of depolarization in
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the GM (A < 0.87) and WM (A > 0.87) of NBT are similar
to those of HBT. However, this is not the case for linear
retardance, as the ¢ values for (NP+WM) zones are lower than
those in the (HT+WM) regions for three out of the four tumor
samples. We also observed a pattern of high local variability
observed for the azimuth of the optical axis in all four NBT
samples, particularly, in the regions labeled as WM.

C. Investigation of the marginal zones

To assess the local impact of tumor on polarimetric param-
eters, we focused on the tissue border zones. To underscore
specific attributes, we selectively handpicked representative
regions of two NBT samples and one HBT sample that served
as illustrative examples for our examination (Fig. [7h). The two
NBT samples are glioblastomas, IDH-wildtype, CNS WHO
grade 4, featuring varying TCC regions. For each sample and
in each column, the bottom row provides a zoomed view of
the region indicated by a black rectangle in the top row image.

1) HT tissue: Polarimetric parameters are visualized at the
GM/WM border for HBT (Fig. [7p), enabling a comparison
between HBT and NBT. Depolarization maps accurately de-
lineate the border, with higher values in WM than in GM.
This trend remains in linear retardance maps, offering a clear
contrast between tissue types. The azimuth of the optical axis
map displays low local variability, highlighting a well-defined
U-fiber represented in green and red/yellow, from left to right.

H&E 1 A

a. HT human tissue

b. Sample |

c. Sample II

2) Glioblastoma sample I: In the first NBT sample, we
examined the region at the GM/WM border, also containing
the border between the IZ and the TC (Fig. M)). The H&E
image shows a contrast between the TC region on the left and
the IZ region on the right, with higher cellularity in the former
than the latter. The depolarization map indicates comparable
values to HBT in the (TC+WM) region, and the GM/WM
border is clearly delineated, with higher values in WM than in
GM regions. This trend is consistent with the linear retardance
maps, with a clear delineation between the tissue types and a
contrast similar to the one on HBT. However, the azimuth of
the optical axis map exhibits substantial variability compared
to HBT, with no clearly defined fiber in WM being visible in
the zoomed azimuth map.

3) Glioblastoma sample Il: We also explored the border
between GM and WM in a second NP sample (Fig. [Tf),
also containing the border between the IZ and the TC. The
H&E image reveals a contrast between GM and WM, with
cellular bodies present in the GM region and absent in the
WM region. Cellularity in this sample appears lower than in
Sample I. Similar to the first sample, the GM/WM border is
distinctly visible in both the greyscale intensity image and the
depolarization map. Linear retardance values in the (TC+WM)
region are slightly higher than those in the (IZ+GM) region,
however, they are lower than in other NBT and HBT samples.
A remarkably high variability level is observed in the azimuth
of the optical axis map.

Labels TCC Labels GM/WM

mmm Healthy Tissue
Infiltration Zone
s Tumor Center

== GM
= WM

Fig. 7. Close-up view of the border region between GM and WM, along with various TCC zones: (a) HT human brain sample; (b, c) two NP human
glioblastoma samples. For each sample the bottom row provides an enlarged view of the region indicated by a black box in the top row image. From
left to right: H&E images, greyscale intensity image, maps of the depolarization, linear retardance, and azimuth of the optical axis, TCC labels and
GM/WM labels, are displayed for each sample. The scale is the same for all images and is indicated in the top right images.
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Fig. 8. Normalized distributions of the polarimetric parameters in GM (first row) and WM (second row): (a, b) depolarization; (c, d), linear

retardance; (e, f), azimuth local variability for HBT, NBT and BG zone.

In summary, our observations suggest that tumor develop-
ment does not importantly alter depolarization maps, main-
taining a clearly defined GM/WM border. Nevertheless, the
contrast in linear retardance maps is greatly reduced in Sample
II. NBT exhibit elevated azimuth local variability in WM
regions labeled as TC compared to HBT.

D. Quantitative analysis of polarimetric parameters

We collected data on depolarization (Fig. @a b), linear
retardance (Fig. [8, d), and azimuth local variability (Fig. [Sk,
f; see Sec. [[I-D] for more details) for both HBT and NBT
with varying TCC. Descriptive statistics, including means (i),
standard deviations (o), and medians (m), were calculated for
all parameter distributions.

1) Depolarization: Distinct depolarization value distribu-
tions in GM tissue (Fig. [8h) are observed for HBT and NBT.
Median depolarization values in (NP+GM) tissue consistently
remain lower than those in (HT+GM) tissue. A compelling
trend emerges as TCC decreases, with depolarization distri-
butions gradually becoming more akin to (HT+GM) tissue.
Notably, (IZ+GM) tissue shows the most resemblance, while
(TC+GM) tissue displays the greatest disparity.

A similar trend is observed for depolarization values within
WM (Fig. [8p), with smaller changes in distribution parame-
ters as TCC decreases. The distribution for (IZ+WM) tissue
exhibits the highest similarity to (HT+WM) tissue, while the
(TC+WM) region remains the most dissimilar. Certain regions
in NP tissues show lower depolarization values (<0.8), a
feature virtually absent in HBT, However, the differences in
median depolarization values are relatively small, with the
maximal difference being 4% between the medians for the
(HT+WM) and (TC+WM) regions.

2) Linear retardance: In GM (Fig. [8c), NBT exhibits highly
similar distributions for linear retardance compared to HBT.
The only noticeable difference is visible for the distributions
in IZ tissue. However, the differences in median values are
minimal (= 1°), falling within the measurement error range
of the instrument (=~ 3° — 4°).

Linear retardance values in (NP+WM) tissue generally
appear smaller compared to those in (HT+WM) tissue (Fig.
[Bd), aligning with the previous visual observations in the
assessed samples. It is important to note that the discrepancies
in median values across different TCC regions are relatively
small, reaching a maximum difference of 1.1° between the
median values for IZ and TC tissue, compared to a more
substantial difference of 3.4° between the IZ and HT tissue.

3) Azimuth local variability: Both (HT+GM) and (IZ+GM)
tissues exhibit similar azimuth local variability distributions
(Fig. [8p), with values on average lower than the BG noise.
These distributions typically range between 10 — 20°, while
the BG noise peaks at approximately 26°. The azimuth local
variability values in the (TC+GM) region were notably higher
than those in the (HT+GM) and (IZ+GM) regions, with a
distribution similar to the one for the BG. The variations in
azimuth local variability values within different regions could
be partly attributed to the absence of oriented structures in
GM determined by anatomical factors and spatial resolution
of the IMP system.

The distribution for (HT+WM) tissue showcases a peak
around 10° (Fig. [8), likely corresponding to the presence
of oriented neurological fibers. The peak located around 10°
is also present in the distribution for (IZ+WM) tissue, but it
appears that more regions exhibit a higher level of variability
compared to the corresponding distribution for (HT+WM)
tissue. The distribution of azimuth local variability for the
(TC+WM) tissue demonstrates a noticeable peak around 35°,
indicating an important level of azimuth local variability in
NBT. Importantly, the pattern of the azimuth local variability
for (TC+WM) tissue is different from the BG noise. Indeed,
the peak present in the distribution for (TC+WM) tissue is
located around 40°, and the distribution is shifted towards
higher azimuth local variability values. The difference in the
distributions, therefore, suggests that the high azimuth local
variability values observed in (TC+WM) tissue are linked to
NBT properties. The IZ could therefore be considered a tran-
sition region between the clearly defined fibers in (HT+WM)
tissue and the disordered tissue organization in the (TC+WM)
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Fig. 9. Two-Gaussian fit for the normalized distributions of azimuth local variability in WM tissue zones: (a) (HT+WM), (b) (IZ+WM) and (c)
(TC+WM).
region. the analysis of polarimetric properties of various brain tumor

To further gain insights into the mechanism of azimuth
randomization, we performed the two-Gaussian fit of the
azimuth local variability distributions in (HT+WM) (Fig. E}a),
(IZ+WM) (Fig.[9b) and (TC+WM) tissue (Fig.[9k). The values
of the parameters A;(As) representing the amplitude, pq(p2)
- the mean value, and o;(o3) - the standard deviation of the
first (second) Gaussian distribution are shown in Table[[TI} The
first Gaussian, depicted with a dotted line, most likely reflects
the presence of the well-aligned brain fibers, because it is
characterized by a low value of parameters y; (about 7°—10°)
and o7 (about 3° — 5°). The amplitude A; monotonically
decreased with TTC increase: A;(HT+WM) > A;(IZ+WM)
> A1 (TC+WM), thus, suggesting gradual loss of the aligned
brain fibers in WM with tumor growth (Table [[II). The second
Gaussian, depicted with a dashed line, most likely corresponds
to regions with higher azimuth local variability related to brain
fiber 1) crossing, 2) out of imaging plane orientation, or 3)
perturbation due to tumor growth. It is characterized by the
large values of parameter po varying between 20° — 35° and
parameter o - between 13° — 15° (Table [IT). The amplitude
A monotonously increased with TTC increase: Ao(HT+WM)
< As(IZ+WM) < Ao(TC+WM), indicating that the proportion
of regions with aligned fibers decreases with tumor growth.

TABLE Il
RESULTS OF TWO-GAUSSIAN FIT.
1 o1 A 2 o2 Az
HT 7.02 276 | 0.73 19.76 13.46 | 0.46
12 9.13 4.17 | 0.64 | 28.02 15.58 | 0.85
TC 11.55 | 439 | 0.14 | 3548 13.12 | 0.98

In summary, we found differences in the distributions for
depolarization and linear retardance for HBT and NBT, The
main finding is that the azimuth local variability was larger in
the (NP+WM) regions compared to (HT+WM) regions, with
noise distributions differing between HBT and NBT.

IV. DISCUSSION
A. Polarimetric parameters in brain tumor specimens

We report our newly developed neuropathology protocol,
that enables to cross-reference polarimetric and histological
data to assess HBT and NBT polarimetric properties. This
protocol allows for the generation of a reliable GT, enhancing

types. An image processing pipeline was designed to ensure
a highly accurate registration between histological and polari-
metric images. The protocol’s design, particularly the H&E
staining of the first and last cryosections, ensured a direct cor-
relation between histology and polarimetry for the two polari-
metric measurements. This comprehensive approach has also
substantially increased the database size, as each tissue sample
undergoes dual measurements, on different surfaces, due to the
cryosectioning step. Prior studies on polarimetric parameters
in human organ tumor samples [12], [14], [15], [47], [48]
revealed a consistent reduction in depolarization values in
NP regions, aligning with our findings of a slight decrease
in depolarization values in both GM and WM. Variations in
the absolute value of change in depolarization across multiple
studies arise from organ-specific microstructures and diverse
methodologies. Some studies also noted important drops in
linear retardance values within NP areas, consistent with our
results showing a marked decrease in linear retardance values
in (NP+WM) regions of brain samples. The reduction in linear
retardance values was expected and observed in NBT in WM
only, as fiber tracts are absent in GM. Once again, the absolute
value of change in the linear retardance varied across the
different studies.

Several studies [16], [49]-[53] used polarized light imag-
ing in transmission configuration to estimate brain fiber tra-
jectories using gross histological sections. Only a few studies
reported a set of polarimetric properties acquired with an
instrument in reflection configuration using bulk human [18]
and animal HBT [54], [55]. To the best of our knowledge and
despite a feasibility study on bulk human NBT [56], there is
still a gap in the quantification of the polarimetric properties
of NBT.

B. Randomization of the azimuth of the optical axis

Our study primarily focused on an increase in the azimuth
local variability in (NP+WM) regions. A similar pronounced
azimuth randomization was observed in the previous polari-
metric studies of uterine cervix [14], where the values of
standard deviation of the azimuth of the optical axis, computed
for 3x3 pixel packs, were notably higher in a polyp region
compared to the surrounding HT cervical tissue. The azimuth
local variability in (TC+WM) regions for NBT exceeds the
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noise in the BG zones of the images while the distribution of
the parameter is almost equivalent to that of the BG zone for
(TC+GM) regions. This discovery suggests that the origins of
the azimuth local variability observed within (TC+WM) zones
might be traced back to the distinct structural characteristics
within the tumor tissue. We assume that the presence and
growth of tumors within the WM regions may perturb and
eventually destroy aligned fibers in WM of brain, thus, leading
to the increase in azimuth local variability level. Understanding
the specific reasons of this azimuth local variability increase is
of paramount importance, as such insight has the potential to
enhance the accuracy and reliability of the IMP in the detection
and diagnosis of brain tumors.

We considered tissue microstructure alterations as a po-
tential cause for azimuth randomization as tumors inherently
disturb the normal architecture of surrounding HBT [57]. We
identified two mechanisms potentially explaining the increased
azimuth local variability in (NP+WM) brain tissue, likely
occurring sequentially. Initially, tumor growth leads to a dis-
rupted arrangement of cells, extracellular matrix components,
and blood vessels. The physiological fiber orientation would
consequently be perturbed due to tumor cell infiltration and/or
proliferation. At this stage, the WM would exhibit detectable
linear retardance, while displaying high level of azimuth local
variability, similar to the sample in Fig. [5k. Secondly, a
reduction, somewhat fragmentation of the nerve fibers may
happen due to the physical pressure exerted by the tumor’s
solid components. Such pressure results in reduced local blood
flow, thus, neuronal death with subsequent fiber degeneration
[58]. At this stage, most of the studied (NP+WM) brain
samples exhibited both low linear retardance and high azimuth
local variability values.

Moreover, alterations in tissue microstructure and spatial
inhomogeneity within the tumor samples also affect other
polarimetric parameters, potentially leading to variations in the
observed contrast between different tissue types (e.g. between
GM and WM, see Sec.[I-B). The sparse fibers can still
be preserved in some regions of the sample, while being
completely destroyed in other parts. Such a pattern mainly
derives from local differences in the tumor cell content and
differences in disease progression. An inhomogeneity in the
fiber preservation will cause the inconsistency in the contrast
observed between different brain tissue types. Investigating the
polarimetric parameters along a gradient of decreasing TCC in
larger NBT samples provide clues about whether the changes
observed correspond to the biological GT.

Other factors may also affect the values of polarimetric
parameters. Backscattering polarized light imaging is a su-
perficial technique probing the first hundreds of micrometers
of brain tissue [28]. The penetration depth of probing vis-
ible light is wavelength-dependent [59], [60], reaching its
maximum in the red part of the visible spectrum. As the
thicknesses of all brain samples included in this study were
>2 mm, possible effects deriving from tissue thickness on the
polarimetric parameters are assumed to be negligible.

Tumor resection is usually done with an Ultrasonic Cavi-
tation and Aspiration Device, often creating complex surface
topography of both surgical cavity and resected tumor sam-

ples [61], [62]. Such complex surface topography may also
affect the polarimetric images of a sample. Image processing
tools such as depth estimation [63], [64] may help to mini-
mize the undesired deviations of polarimetric parameter values
in samples with irregular surface. The presence of blood is also
typically observed, alongside other irrigation fluids, within the
surgical cavity. Blood presence has an impact on the values of
polarimetric parameters measured at 550 nm, because of the
peak of haemoglobin absorption at this wavelength. This effect
can be mitigated by performing the measurements at longer
wavelengths as haemoglobin absorption drops significantly in
the red part of the visible spectrum.

C. Implications for further development

The identification of azimuth local variability as a potential
polarimetric biomarker in NBT WM highlights key consid-
erations for future ML algorithm development for accurate
tumor boundaries delineation. Recent studies successfully em-
ployed IMP and ML for NP tissue classification [65]-[67].
The randomization of the azimuth of the optical axis in the
(NP+WM) brain tissue that is linked to the increase in azimuth
local variability may be explored by ML algorithms. These
algorithms have the capability to learn and recognize subtle
patterns or deviations in the spatial distribution of azimuth
local variability, which might not be readily perceptible to the
human eye.

The brain comprises two distinct tissue types, GM and
WM, with the latter exhibiting moderate birefringence due
to its unique microstructure, while the former lacks this
property. Consequently, tumor growth within each brain tissue
type induces distinct effects on WM and GM polarimetric
parameters. The anticipated variations in polarimetric response
to tumor growth between these brain tissue types highlight the
influence of both TCC and tumor location (WM or GM) on
the polarimetric parameters of brain tumor samples.

The end goal of applying IMP to in-vivo for enhanced tumor
delineation during neurosugery require advanced image pro-
cessing paradigms leveraging prior ex-vivo knowledge. Using
the IMP in a multi/hyper-spectral configuration appropriate for
brain tissue would provide a non-redundant dataset to increase
the contrast of the polarimetric image [68], [69].

The creation of a database of accurately annotated
polarimetric measurements also prompts the development
of supervised machine learning methods for segmenta-
tion/classification models trained on ex vivo data. One may
then leverage transfer learning concepts and use models pre-
trained on ex vivo data to enhance performance on in vivo
data. Transfer learning is feasible when populations with
slight variations in observed samples are matched [70], [71],
which may occur with the variations in polarimetric parameters
between ex vivo and in vivo tissue. Brain tumor classification
algorithms leveraging transfer learning have been success-
fully implemented using MRI data, correcting for possible
sources of variability and bias in different set-ups [72], [73].
Moreover, downstream optimisations are required for a real-
time intuitive visualization during surgery. Such optimisation
could include the implementation of GPU and parallel com-
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puting [22], [74], [75], as well as the development of a user-
friendly interface using, for example, augmented reality to
facilitate information intake by the user [76], [77].

V. CONCLUSION

In this study, we have undertaken a comprehensive evalu-
ation of polarimetric parameters in NBT, differentiating be-
tween HBT and NBT regions. Our analysis reveals the drop
in depolarization values in the GM and WM regions of NBT
compared to HBT, and the drop in linear retardance values
within the WM zones of NBT only. Furthermore, the discovery
of pronounced difference in the randomization of the azimuth
of the optical axis within the WM zones of HBT and NBT
indicates a valuable opportunity for the future development of
ML algorithms for brain tumor delineation. By creating a novel
method for matching polarimetric dataset with histological
data, we have established a robust foundation for further
research in this area. Taken together, this study represents an
important step forward in our understanding of brain tumor
optical characterization and opens an avenue to more accurate
brain tumor diagnosis and treatment strategies.
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