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Abstract

The focus of this thesis is the improvement of acquisition and processing of Mueller matrix
polarimetry using a confocal scanning laser ophthalmoscope (CSLO) and the application of
Mueller matrix polarimetry to image the retina. Stepper motors were incorporated into a CSLO
to semiautomate Mueller matrix polarimetry and were used in retinal iraageisition. Success
rates of Fourier transform based edge detection filters, designed to improve the registration of
retinal images, were compared. The acquired polarimetry images were used to reassess 2 image
quality enhancement techniques, Mueller mateconstruction (MMR) and Stokes vector
reconstruction (SVR), focusing on the role of actmtrastingor normalizationwithin the
techniques and the degree to which axdotrastingor normalizationis responsible for image
guality improvement of the selting images. Mueller matrix polarimetry was also applied to find
the retardance image of a malaria infected retinal blood vessel imaged in a confocal scanning
laser microscope (CSLM) to visualize hemozoin within the vessel. Image quality enhancement
tedniques were also applied and image quality improvement was quantified for this blood

vessel.

The semiautomation of Mueller matrix polarimetry yielded a significant reduction in
experimental acquisition time (80%) and a +sagnificant reduction in redisation time (44%).
A larger sample size would give higher power and this result might become significant. The
reduction in registration time was most likely due to less movement of the eye, particularly in
terms of decreased rotation seen between registenages. Fourier transform edge detection
methods increased the success rate of registration from 73.9% to 92.3%. Assessment of the 2
MMR images (max entropy and max sigi@noise ratio (SNR)) showed that comparison to the
best CSLO images (not autontrasted) yielded significant average image quality improvements
of 158% and 4% when quantified with entropy and SNR, respectively. When compared to best
autoecontrasted CSLO images, significant image quality improvements were 11% and 5% for
entropy and SR, respectively. Images constructed from awdatrasted input images were of
significantly higher quality than images reconstructed from original images. Of the 2 other
images assessed (modified degree of polarization (P@Rd the first element of thetdkes
vector (9)), DORy and S yielded significant average image quality improvements quantified by

entropy except for the DQPimage of the RNFL. SNR was not improved significantly when



either SVR image wasompared to the best CSLO images. Comparddettest autaontrasted
CSLO images, neither D@QPnor § improved average image quality significantly. This result
might change with a larger number of participants. When MMR were applied to images of
malaria infected retinal slides, image quality wasrowpd by 19.7% and 15.3% in terms of
entropy and SNR, respectively, when compared to the best CSLO image. The ibajge
yielded image quality improvements of 8.6% afd.3% and the Smage gave improvements

of 9.5% and 9.4% in entropy and SNR, respegipv Although percent increase in image quality
was reduced when images were compared to initial-euttrasted CSLO images, the final
image quality was improved when atgontrasting occurred prior to polarimetry calculations for
max SNR and max entropmages. Quantitative values of retardance could not be found due to
physical constraints in the CSLM that did not allow for characterization of its polarization
properties and vibrational noise. Mueller matrix polarimetry used to find the retardanceoimage
a malaria infected retina sample did yield visualization of hemozoin within the vessel but only

gualitatively.

In conclusion, improvements in the acquisition and registration of CSLO images were
successful in leading to considerably shorter experiatient and processing times. In terms of
polarimetric image quality improvement techniques, when compared to the best CSLO image. A
large proportion of the improvement was in fact dugaatially or completely stretching the
pixel values across the dynanmmange of the imagewithin the algorithm of each technique.
However, in general the image quality was still improved by the Mueller matrix reconstruction
techniques using both entropy and SNR to generate the CSLO retinal images and the CSLM
imaged malarianfected sample. In the malaria sample, retinal blood vessel visualization was
also qualitatively improved. The images yielded from Mueller matrix polarimetry applied to a
malaria infected retinal sample localized hemozoin within the blood vessel, lmanttative

image of the phase retardance could not be achieved.
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Chapter 1 - Introduction

The need for high quality retinal images and nevaging techniques for imaging retinal
diseases has never been greater as a high percentage of the population moves into old age. The
ability of clinicians to quickly diagnose many diseases relies heavily on the image quality of
fundus imaging systems. Many disegassuch as diabetes, agéated macular degeneration and
glaucoma result in physical and visible changes on the retina such as retinal bleeding and drusen
deposits [Quillen, 1999]. Detection of diabetic retinopathy in the early stages of diabetes can
play a major role in early disease diagnaaisl managemefiBimandjuntak, 2005]. The onset of
glaucoma leads to irregular changes in the shape of the optic nerve head (ONH) [Burke, 2006].
To complicate matters, fundus imaging may be confounded by oculaatdies [Fujikado,

2004] and scatterinfKuroda, 2002] that increase with age, reducing the quality of retinal

imaging.

The central topic of this thesis is retinal image acquisition and improvement using Mueller
matrix polarimetry and confocal scanningéa ophthalmoscope (CSLO) imaging. | describe
improvements made that increased the efficiency of acquisition and image processing of
polarimetric retinal images. | show how the addition of stepper motor driven mounts semi
automate the rotating quaremrve plates in our polarization imaging setup. This significantly
reduced overall experiment time. Faster acquisitions also showed potential for faster alignment
of images (registration) as fewer eye movements were observed. Image processing time was also
redwced substantially by the incorporation of Fouspace edge detection techniques that
improved the success rate of image registration substantially (chapter 3). | then reassess the
performance of two image quality enhancement techniques based on Mustigrpularimetry
developed by Bueno et al. [Bueno, 2002] Images were compared by the authors to CSLO images
when their performance was quantified by image quality metrics. In these mgihatisialues
were stretched partially or completely across theadyic range of the image addition to
polarization enhancement techniques, but are then compared to original CSLO images which
have not beestretchedchapter 4). In my work | quantify the improvement due tostinetching
as well as to the polarimetryethod of Bueno et al. [Bueno, 2007]. Finally, |1 apply Mueller

matrix polarimetry to try to isolate hemozoin in the images of a cerebral malaria infected retinal
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sample. Using polarization imaging techniques, retinal samples are imaged which contain the
madaria parasite to exploit the known birefringence of hemozoin deposits left behind by the
parasite in the human retina. Imageality enhancement techniques are applied to malaria
infected images and visualization of retinal blood vessels which are impé&otadiagnosis of

retinopathy is improved (chapter 5).

Before discussing current methods of Mueller matrix polarimetry for fundus imaging, it is
important to understand the background terminology and mathematical theory of polarization as

described by th polarization ellipse, Stokes vector, and Mueller matrix.

1.1 Polarized Light

In the early 19 century the wave theory of light, developed by Augstin Jean Fresnel and
others, was the dominant theory governing the maiderstandingof optics. Specifically,
polarization was explained through wave amplitudes and this yielded descriptions of elliptical,
circular, and linear polarization states. However, a significant hole in the theory emerged in the
mid-1800s. The theory could not rhamatically explain depolarized light or partially polarized
light.

In 1952, Sir George Gabriel Stokes solved this predicament. His success was realized by his
novel approach to the subject. Earlier works had all followed the same line of thinking as
Frewmel 6s wave theory of i ght, which descri bect
unique approach, describing light in terms of an observable measure, its intensity. This
introduced optics to todaybés dedlens1B99lt i on of p

Beforediscussinghe theory of polarized light described by the Stokes vector, we will first
examine the physical nature of polarized and unpolarized light to help lay the ground work for
understanding polarized light and polarizing optithe way light interacts with matter is
important to polarization because light can become depolarized through absorption, reflection
and scattering [Nee, 1999]. Some materials can also cause a phase shift in polarized light along a
given orientation, chajng the polarization state. These physical phenomena will aid in the

overall understanding of polarized light, polarizing optics and subsequent chapters in this thesis.



1.2 Wave Representation of Polarized Light

Light can be represented by the propagatiban electromagnetic wave (EM) through space,
where the oscillations of the electric and magnetic waves are orthogonal to each other and

perpendicular to the direction of propagatidigyre 1.1).

Figure 1.1: Propagation of light (public domain image courtesy of NASA
http://missionscience.nasa.gov/ems/02_anatomy.himi

When unpolarized light is emitted from a source like the sun, the electromagnetic wave
oscillates randomlyni all directions. However, if the light becomes linearly polarized, the EM

wave oscillates in a fixed direction in space [Pedrotti, 1998].

If the light is linearly polarized, the-tzector will oscillate in a fixedrientation This will
occur when the JEand E components are in phase or 180° out of phase. In this circumstance, the
relative amplitudes of Fand E will determine thespecificorientation of the linearly polarized
light. If the phase difference between theaid E components is between @d180°, the light
will be circularly or elliptically polarized. As the,Eand E components become out of phase, the
E-vector will begin to trace out an ellipse. At phase differences of 90° and 270°, the ellipse forms
a perfect circle in the form of righdircularly and left circularly polarized light, respectively
[ Hecht , 2002]. The states are easiest to pict
where the pendulum bob itself represents the position of the tip ofvleet&. When in phase,
the x and y positions of the pendulum would reach maximum values of displacement and cross
the origin of the pendulum at the same time, tracing out a line. If they were out of phase, the

pendulum bob would trace out an ellipse.



This is well described by thmlarization ellipse equation [Collett, 1992]:

0O O C¢OOAIO , .
o © 0 O I Qe

(1.1)

Where U is the phaandEdi fxf @B addy akeeconsiants n  E
representing maximum amplitude of the waves andafd E represent the instantaneous
components of the wave as a function of time. Equation 1.1 is already in the form of an ellipse
rotated about the center ofettCartesian coordinate systeng(fe 1.2). The generality of this
rotation is necessary, lBagse in practice, the major and minor axes of the polarization ellipse are
rarely parallel to the axis of the coordinate system used to describe it.

Ay

Figure 1.2: The polarization ellipse (public domain wikipedia image-
http://en.wikipedia.org/wiki/File:Polarisation_ellipse2.svg.

Of particular importance for this work are two angular values that are used to describe the
polarization ellipset he ori entation angl e y whexaRisathdkt er mi

the ellipticity angle 6. These angles ulti mat
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axes of the ellipse through trigonometry and are related to the Rosplagre, discussed in a

later sectionDefining these in terms of the polarization ellipse we sed @wkett, 1992]

Az on ¢coo . . . . « (1.2)
okl 222 6ET vmifia - :
El.. 5 o 0'Mi . ST (1.3)

These parameters are defined to work well with the Stokes vector formulation and with the
geometrical representation of all polarization states in the Poincare sphere. Before delving into
these mathematical representations, in an attempt to gain a biglegstandindgor polarization
and to understand the polarizing optics used in this thesis, we will explore how polarized light

physically interacts with optical elements and matter in general.

1.3 Polarizing Optics

Polarizing optics were developed to treh polarized light for specific applications, be they
for research and development or for commercial purposes. Two important tools which can be
used to produce any possible state of polarization of light are the linear polarizer and the retarder.
While many types of materials and varying physical designs have been developed to produce
these tools for different demands of quality and cost, the rudimentary purpose remains the same.
For the purpose of this thesis, only designs for polarizing optics usedariraents for this

work will be discussed in detail.
1.3.1 Linear Polarizers
Generally speaking, materials that absorb light differently based on the direction of

polarization or differing frequencies of the incident light are considered dichroic. lideat

polarizers transmit electric fields oscillating in a certain direction, eliminating electric fields that



oscillate in all other directions. The emitted light is therefore linearly polarized in the direction

allowed by the linear polarizernkwn aghe transmission axiigure 1.3).

Figure 1.3: Unpolarized light incident on a linear polarizer with a vertical transmission axis
(Image created by Bob Mellish Permission to use this image is granted under the GNU
Free Documentatoin License https://en.wikipedia.org/wiki/File:Wire -grid-polarizer.svg).

There are two basic types of linear polarizers; those that reflect and those that absorb.
Absorbing polarizes (as used in experiments in this thesis), work by absorbing light along
polymer or crystal chains running parallel to the oscillation of the wave. This allows

perpendicularly oscillating light tbetransmitedthrough as linearly polarized light.

Reflecting polarizers exploit the fact that light incident on a transparent media where there is
a change in the index of refraction wilk reflecied or transmited depending on its polarization
state. Incident light that is polarized parallel to the planenatience will transmit and light

perpendicular to the plane wikflectat an angle of incidence known as Brewster's angle.

Polarization through birefringence occurs because light will see a different change in
refractive indexthat is depenént on the orientation of the oscillation of the electromagnetic
waves. Horizontal and vertical polarization states can be separated and then, using total internal
reflection, the unwanted ray can be reflected out one side of the optic while the othewvesl allo

to transmit as linearly polarized ligiitecht, 2002].



The result of light incident on an ideal polarizer (which does not absorb any of the

transmitted pol ari zati onBHecht,2002vel | descri bed b
O— On®é i (1.4)
Where d is the angle between the I|inearly

1(0) is the irradiance arriving at the linear polarizer.

1.3.2 Phase Retarders

Phase retarders do not eliminate either the x or y component of the electric field. Th
component parallel to the fast axis is allowed through without being affected, while the
component parallel to the slow axis is slowed to introduce a phase difference between the two
orthogonal components. When the x and y components are out of pladighthbecomes
elliptically polarized figure 1.4).

¥ and y in phase

¥ and y 1/2 wave
out of phase

1/2 wave-plate

Figure 1.4: Light incident on a half wave-plate (Image modified from image created by Bob
Mellish. Permission to use this image is granted under the GNU Free Documentatoin
License- https://en.wikipedia.org/wiki/File:Wire -grid -polarizer.svg).

Therefore, phase retarders are usedreate elliptically (or circularly) polarizdiht and
are often referred to by how much they put the two components out of phase with each other. For
example, a retarder that put the two components 90° out of phase with each other is called a

quarterwave plate.



1.4 Stokes Vector

Every possiblepolarization state can be represented by the Stokes vecto& B S,

composed of four parameters defined as [Coll&92:

Y O O (1.5)
Y O ©O (1.6)
'Y OO0AINO (1.7)
"Y ¢OOOEI (1.8)

For polarized light, it can be shown that equation 1.5 can be expressed in term$ @f8L

SO that:
Y OY Y Y (2.9)

For any degree of polarization, the Stokes paramgtisregual to the intensity of light

Yo (1.10)

Again,EEandEar e the magnitudes of the x and y col

between the x and y components measured in radian§,Snd S are linearly independent

vectors. Each Stokes parameter has a significaysigad meaning; &yields the intensity of the

light while S to S represent the polarization state of the field withsBowing the amount of

horizontal and vertical linear polarization, tSe amount 0f45° and 45° polarization, and finally

S, describing right and left circular polarization [Collett, 1992]. From these vectors all
polarization states can be found since all the information about polarization is present. All of the
Stokes parameters are real quantities with units of intensity. In equali@ S resembles the

distance vector r on a Poincare sphere in Cartesian coordBatesl991] (figure 1.5).

There are two main advantages of this formulation over simply using the polarization ellipse
to describe polarized light. Firstly, one cahmbserve the polarization ellipse. The ellipse is

physically traced out in the time it takes light to travel one wavelength, which is on the order of
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10*° seconds, making it impossible to observe. The Stokes vector is derived directly from

observablesmaking it verifiable and easy to measure. Second, the polarization ellipse can only

be used to describe completely polarized states. This is extremely inconvenient as in real
situations, light is almost never 100% polarized due to the fact that mandigides do not

emit pol arized | ight and also because of t he
matter.
Recalling the equations for the angle of o]

polarization ellips¢Collett, 1992]

A oA C'O 'O ~ .I. z ’ o e «
!O !O I ( ) )
O = l | | O E I ) ,m i 'Q “ i 1 12
& .. N N U l I I sas ( . )

It becomes clear that the polarization ellipse equations can be expressed by the Stokes

parameters, so that:

O Adf w7 O0MIhQ T T “ (1.13)

« « (1.14)

— |

This leads to the conclusion that, once measured, the Stokes parameters can be used to

describe the shape of the polarization ellipse.

It is alsouseful to define the degree of polarization (DOP) for an electromagnetic wave. This

is done easily through the Stokes parameters. Sinc&Sand S represent all the possible
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intensities for orthogonally polarized light in an optical field apdl&scrbes the total intensity

of the beam, we can simply define our DOP as:

.Y Y YT § .
00 0 ~ OUMIAQ ™ 060 p (1.15)

A DOP value of 1 will exist for completely polarized light, while a DOP value of 0
represents completely depoladzéght with all other values being some degree of partially
polarized light [Collett, 1992]. It can also be convenient to express the Stokes vector elements in
t er ms o.if wgreagamge equations 1.48d 1.5:

Y YOAG (1.16)
Y YOKL. (1.17)

Combining these with equation 1.9 and incorporating the DOP vyields:

"Y OO0 U0YATcQATO (1.18)
Y  O0 UOYATcQO K] (1.19)
"Y 00 U0YOKI. (1.20)

This formulation bears a striking resemblance to spherical coordinates Haviimgm:

W 10 QErQE | (1.21)
® 10 Qe Q¢ (1.2)
a 1 wéEi — (1.23)

You may notice that the equ a tonhodifer byaarpleasen ot i ¢
factor of 90A. By defining d and G in terms o

using:

— wmJgq... (1.24)
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%o C (1.2%)

This leads to a visual geometrical representation of the Stoke piararoalled the Poincaré

sphere

1.5 The Poincaré Sphere

All points on the surface of the Poincaré sphere represent a different polarization of light and
every possible polarization state can be represented thifBeay 1991](figure 1.5).

Figure 1.5: Geometrical representation of Stokes vector, the Poincaré sphefeublic
domain wikipedia image- http://en.wikipedia.org/wiki/File:Poincaré_sphere.svg)

S, S, and S are the axes of the three dimensional system, where tBe radius of the
sphere. The angles of @ith respect to the axes, can be used alone to find the polarization of
any given vector from the origin to the surface of the sphere, whes¢he orientation of the
ellipse ands is the ellipticity [Bour, 1991].
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An ellipticity of O yields linear polarization. Using figure 1.5, this corresponds to any point
along the equator of the sphere and therefore, all potential linear polarizations of lights As
increased, the ellipse becomes apparent untéabimes the special case of circularly polarized
light at the north and south poles of the sphere. The Poincaré sphere was developed to simplify
applications which involved many different polarizing elements. Originally, this could only be
done through extesive and tedious algebra. It can be used to determine the Stokes vector of light
after propagating through elements but this treatment will not be discussed at length in this
thesis. An extensive account of the use of the Poincaré sphere for this prapdse found in
[Collett, 1992]. In this thesis however, we will be focusing on using the Mueller matrix and

matrix calculus to explore the interaction of polarized light with matter.
1.6 The Mueller Matrix
Mueller matrices describe the change in poltron state when polarized light interacts

with matter. It is defined as the transform matrix (M) which yields the exiting Stokes vector

(Sour) for any incident Stokes vector (%

rx¥ Y v v v rxz Ul
o (1.26)
oY o U U U U WAEY
Uy g L 0] U 0] uy U

The Mueller matrix also gives a complete mathematical description of the polarization properties
of any sample. When the Mueller matrix is yulbr even partially known, images and the
resultant Stokes vectdBoyr, can now be obtained mathematically &oryincoming polarization

state. Measuring the Mueller matrix of a sample allows one to calculate the polarization
properties retardance, diaitaation, and polarizance which give quantifiable knowledge of how

a sample will affect incident polarized light. Retardance is a measure of the phase change
observed between orthogonal axes as polarized light interacts with an optical element where the
phase along one axis is changed relative to the corresponding orthogonal axis. Diattenuation is
the property of an optical element (a diattenuator, such as a linear polarizer) where the intensity

of an exiting beam is a maximum along one axis and a minimamthie corresponding
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orthogonal axis. Finally, polarizance is the degree of polarization (DOP) produced by an optical

element when the light incident on the element is randomly polarized.
1.6.1 Calculating the Retardance

Lu and Chipman[1996] found that after the Mueller matrix of the sample has been
calculated, the retardance, diattentuation, and polarizance of a sample could be found.

The first step is to obtain the diattenuation and polarizance vectors from the Mueller matrix.
If we have aMueller matrix M, we can break it up using polar decomposition. For a

depolarization Mueller matrix, we have
0 0Oy0 O .27

Once the retardance matrixghb found, the value of retardancan be found for any sample at

each pixel location (equation 1.33).

0 (1.28)

This yields an image which describes the retardation value, derived from the Mueller matrix,
for any sample. For a cqtete derivation of equation 1.28d the calculation of DOP, please
refer to work by Lu and Chipman [Lu, 1996).

The descriptions in this chapter have given the necessary background for the understanding
of polarization and simple polarizing optics. We can now extend this knowledgeeto th
application of Mueller matrix polarimetry in imaging systems, in particular, in the confocal

scanning laser ophthalmoscope (CSLO).
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Chapter 2 - Polarimetry Imaging and Enhancement for Malaria
Retinal Samples

2.1 Retinal Imaging with a CSLO

The confocal scanninf@ser ophthalmoscope is a laser based imaging system which relies
fundamentally on a raster scan pattdrhe CSLO was first introduced by Webb et al in 1987
[Webb, 1987] and was based on earlier work by Webb et al who developed a scanning laser
ophthalmosope (SLO) in 1981 [Webb, 1981]. The system uses two scanning units to scan the
back of the eye en face in theand ydirection, respectively. This concept is similar to that of a
raster scan in a CRT television or monitor, sweeping out a square agtitize Typically, this is

done with a rotating mirror and stepper motor mounted mirror or a pair of resonant galvometers.

photon multiplier tube laser

pinhole ™ =
X-scan —

»

y-scan

Figure 2.1: CSLO containing x- and y-scanning units and a confocal pinhole.

beam
splitter
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After the light reflects off the retina, it is éeanned and passes through a small confocal
pinhole. The light then passes into a photomultiplier tube where it is reassembled into a 2D

image of the fundus and saved to disk.

The confocal pinhole greatly redesthe amount of out of focus and scattered light captured
which in turn increases the depth resolution and contrast for the planar image of the focal plane

created on the retina.

Focal
Plane

Pinhole

D

o
I

Figure 2.2: Light outside of the focal plane is blocked by the confocal pinhole.

The increased depth resolution allows the CSLO to capture thin slices of the sample at the
focal plane. By adjusting the pinhole diameter, the thickness of the slice may be changed; the

larger the pihole, thdargerthe depth of field [Semwogerere, 2005].

2.2 Retinal CSLO Imaging with Polarimetry

Mueller matrix ellipsometry was first applied to threvivo human retina by van Blokland
[van Blokland 1985] who studied the changes in polarization state and degree of polarization in
double pass imaging based on an ellipsometer design by Hdaggd,1978] allowing for the
use of norideal retarders. Polarization properties were further studied byr@best al. who
incorporated a polarimeter into a SLO to compare the nerve fibre layer of participants with both
normal and glaucomatous eygsyes which have suffered characteristic damage to the optic
nerve head)Weinreb, 1995]. Bueno and Artal then weatde to obtain 16 image®rresponding
to the Mueller matrix values for each pixel in the images. This is the spatially resolved Mueller
matrix figure 5.4 in Chapter)5The degree of polarization was also calculated for each pixel in

images reflected 6both retinal and pupil planes of the human eye [Bueno, 1999].
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Since its application to the human eye, polarimetry has been used to assess the retinal nerve
fibre layer in the diagnosis of the early stages of glaucoma by measuring the retardance and
inferring the thickness of the tissue [Burke, 2006], [Cense, 2004]. VanNasdale et al. showed that
the birefringence of Henlebds nerve fiber | aye
presence of severe AMD [VanNasdale, 2012]. VanNasdale alsalused polarimetry to study
changes in photoreceptor axons by assessing the retardance of the central macula as a function of
age for 120 participants [VanNasdale, 201Bueno et al. assessed the degree of polarization
(DOP) as a function of age bysassing the average DOP along a peripapillary annulus around
the optic nerve head [Bueno, 2009]. Twietmeyer et al. incorporated Mueller matrix ellipsometry
into the well establish GDx scanning laser polarimeter for use in a clinical setting to assess

polaiization properties of the human é&yeetinal nerve fiber layer.

The quality of CSLO images has also been improved through polarimetry by increasing
contrast and brightness, enhancing visibility of features on the retina. Miura et al. used
polarimetry toreveal retinal leakage from central serous chorioretinopathy in 30 patients, greatly
enhancing contrast and visibility for @larticipantdMiura, 2005]. Bueno and Jaronski first used
Mueller matrix polarimetry to determine polarization propertiesifioritro corneas [Bueno,
2001]. In 2002, Bueno and Campbell extended this methad tavo retinal measurements
[Bueno, 2002] to improve image quality of fundus images. By incorporating a polarized light
generator into the entrance beam and analyzer unittla exit beam of a CSLO, the Mueller
matrix of the sample was found. Images were captured using-an633eNe laser with a 600
pm diameter confocal pinhole placed at the detector. A positive percent change in the image
guality metric signato-noise ratb (SNR) of 45% was found for their fundus image of a blood
vessel when compared to the original CSLO image that yielded the highest SNR and as much as

a 30% increase in contrast across blood vessels.

To find the Mueller matrixa generator andnanalyzer were incorporated into a CSIXhe
generator consistof a linear polarizer followed by a rotating quanteave plate whilethe
analyzeris the oppositea rotating quartewvave plate followed by a linear polarizer. The
generator allows control ey the input Stokes vectors while the analyzer allows one to measure
the Stokes vectors after reflectiohthe input lightout of the eye. Properly used with the CSLO
(figure 2.3), the Mueller matrix of the eye may be determined.
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Figure 2.3: Typical CSLO containing x- and y-scanning units and a confocal pinhole with
generator and analyzer units in place.

In the first implementation of their method, Bueno and CamgBe02)took 16recordings
of the opticnerve head, each corresponding to different pairs of settings on the generator and
analyzer. The rotating quarterave plate on both the generator and analyzer are rotated through
-45°, 0°, 30°, and 60° with respect to the vertical axis of the linearipet, yielding 16 different
possible configurations. These 4 positions lead to one circular, one linear, and two elliptical
polarization states for the rotations of the quarter wave plate, respectiagty which the

Mueller matrixand improved imagesewvecalculated
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These settings are based on work by Ambirajan and Look [Ambirajan, 1995] who employed
Stokes vector measurement techniques by Pezzaniti and Chipman [Pezzaniti, 1990],
mathematically finding the optimal angles for the quantave plate whin the generator and

analyzer units.

Bueno et al. then simplified their method of improving image quality to only find the top row
of the Mueller matrix, requiring only 4 images to be captured and registered instead of 16,
reducing acquisition and pragsng time [Bueno, 2005], [Bueno, 2007]. This setup only requires
a generator to be incorporated into a CSLO. Since the generator produces known polarization
states, the Stokes vector for each of the 4 configurations of the generator unit are known.
Additionally, the spatially resolved intensity image produced by each generator setting is
captured by the CSLO. Using these, the top row of the Mueller matrix can be determined (see

section 4.3.3 for a complete derivation).

Once the top row of the Mueller matris known, the output intensity imageo{S') that

would be the result o&ny polarization state incident on the sample may be constructed by

varyingc andd.
o P
"y a a a a 9 T&AI IQEJOOAEIQ ﬂCD (2.1)
O Kl..
The variablesandiGar e swept through in 5e steps proc

from the manypossibleinput polarization statedmage quality is quantified for each output
image by calculatinghe image quality metricegntropy and SNR. The images yielding the
highest values of these image quality metrics are labblest image and then quantitatively
compared to the original CSLO images which the metricsSNR and entropyare calculated

Bueno et al. found positive percent changes of SNR of about 5% andppreximately 75% in

terms of entropy for constructed images and image quality improvement was shown for each
subject in both SNR and entropy [Bueno, 2007].

Using a similar method with an analyzer unit incorporated in front of a photon multiplier
tube, Bieno and Vohnsen maximized the value of a contrast measurement (as opposed to SNR

and entropy) across retinal blood vessels is an adaptive optics corrected CSLO [Bueno, 2005].
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Bueno et al. also presented a second method that incorporated both a genératadyzer into

a CSLO, as seen in figure 2.3 [Bueno, 2009b]. The method still utilizes only 4 images, with the
generator unit being set to generate circularly polarized light, corresponding to an add® of

on the quartewave plate, and the analyzetating through45°, 0°, 30°, and 60°. From this, the

output Stokes vector can be found and the DOP calculated using:

o0 ——— 1 000 p (2.2)
Bueno et al. showed that both the DOP agtrfages of the anterior retina show an increase
in metric value over original images whassessed usingntropy and SNR. When applied to
retinal images, positive improvement was always shown and improvements as high as 25% for
SNR and 240% for entropy wepresented [Bueno, 2008]. As well as overall improvement in
image quality, Bueno et al. also found that tpeantitative improvement oimage quality

increased with age.

Using a commercially available GDx Nerve Fiber Analyzer with additional polarizingsop
and image post processing Burns et al. showed contrast improvements of subretinal features over
linearly polarized images [Burns, 2003]. A halave plate was incorporated in front of the
linearly polarized 780 nm (infrared) laser beam to act asaéoro This allows control over the
orientation of the linearly polarized beam, making it possible to sweep through all angles. 20
di fferent i mages were taken through an input
used, one with a linear polarize set par al |l el to the orientati ol
laser and another with a linear polarizer set perpendicular to the polarization of the laser. From
the crossed polarized images, a depolarized light image was constructed that impriraest c
of subretinal features by 240%. The depolarized light image was created by choosing the
minimum intensity at each pixel across all input polarization states for all pixels. This technique
reveals a distribution map of multiply scattered light friova retina by capturing only light that
hasbeendepolarized through multiple scattering.
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2.3 Determination of Metric Improvement

While all image enhancement techniques showed improvement through some image quality
metric, care should be taken to makelear definition of the reference image in techniques put
forward by Bueno et al and Burns et al. Burns et al. provide specifications for their reference
grayscale image, stating that all images were corrected by using offset and gain calibrations on
the GDx system [Bueno, 2008], [Burns, 2003]. This implies that the reference images were
stretched across the entire dynamic range of the system so that the pixel intensities ranged fully
from black (0) to white (255) but is not explicitly defined. Buenoleda not compare their
reconstructed images to reference images that had their dynamic range strétithed the
algorithm to construct their enhanced imagemges werautocontrastedr normalizedoefore
comparison. This creates a comparison betweehanced images and reference images,
resulting in an unknown amount of improvement being due to well established and simple auto
contrastingor normalizationtechniques as opposed to being a result of exclusively polarimetry
The two techniques put forward by Bueno et al. are revisited in chapter 4, where 11 participants
are imaged using the same methods. Then, the procedure is employed a second time where the
polarization images are autontrasted before being used with tweo image enhancement
techniques. The resulting images are compared to the sameoatitasted images. This will
give a true value of image quality improvement due exclusively to polarization imaging and

potentially has further implications regarding aigpendence.

2.4 Malaria and Polarimetry

Although the malaria parasite {pyoduct hemozoin has been shown to be birefringent
[Lawrence, 1986] and it is well known that the parasite leaves hema#@init consumes
hemoglobin within the red blood cell [Goldberg, 1990], hemozoin has not been successfully

imagedin vivoin the human retina.

Many groups have used polarimetry to image hemozoéxinvo biological tissue. In 1986,
Lawrence and Olsoproposed the use of crossed polarization to exploit the birefringence of
hemozoin found in blood smears [Lawrence, 1986]. Romagosa increased the sensitivity of

malaria parasite detection from 50% to 98.1% in placenta samples when comparing standard
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white light microscopy to polarization microscopy [Romagosa, 2004]. Wilson et al. combined
darkfield microscopy with polarimetry using crosspdlarizers to image blood smears with the
potential for automated detection [Wilson, 2011] improving hemozoin comrasiages. Dark

field microscopy, which only images the light that has scattered from the sample, has previously
demonstrated its usefulness in hemozoin detection. Wood et al. combined resonance Raman
microscopy with darkield microscopy in a similar sear for an automated malarial detection
technique in blood smears [Wood, 2009] to exploit the Raman signal of hemozoin, which is
known to be strong [Frosch, 2007]. Padial et al. have shown that depolarized light may be used
as a malarial detection methodhilwmod smears [Padial, 2005]. Hidayat et al. used polarimetry to
show the presence of hemozoin within the blood vessels and at hemorrhage locatioims in an
vitro retina sample and determined that adhesion of red blood cells in blood vessels is a
significant cause of retinal hemorrhage [Hidayat, 1993].

While crossegpolarization has demonstrated its ability to localize hemozoin in biological
samples, the Mueller matrix of samples known to be infected with the malaria parasite has not
been well studied anthost polarimetry based studies have been confined to the liver, placenta,
and red blood cells via blood smears. By revealing the exact polarization properties of hemozoin,
better imaging techniques may be uncovered. Campbell et al. used Mueller maitrix@iol to
image human spleen samples from a malaria infected patient, determining the degree of
polarization, diattentuation, and depolarization of the tissue which could lead to future imaging
applications and understanding of the disease [Campbell].20Be examination of hemozoin
content has proven to be a useful marker for parasitization [McGready, 2002], [Sullivan, 2000].
Additionally, the number of hemozoin observed in patients has been shown to correlate well with
the severity of infection [Hankeed, 2007] and is linked to micnaascular clogging, as
demonstrated through polarization spectral imaging of rectal mucosa tissue by Dondorp et al.
[Dondorp, 2008]. Furthermore, as the technology inevitably becomes more compegisto
hemozoin measureznt could lead to a quick and rotvasive method for detection of medium
to late stage cerebral malaria infection if detected using scanning laser polarimetry in the retinal

blood vessels.

The retina provides a window into the vasculature ofrtbevous gstem Observation of

pathologies of the retina has also recently been reported as a useful diagnostic tool for severe
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cerebral malaria infections. Retinopathy due to severe malaria has a unique set of abnormalities
that may be observaasing ophthalmoscgp[Beare, 2006] White et al. found that for children

with malarig the severity of retinal hemorrhages was a good indication of the severity of
hemorrhage within the brain [White, 2001], which may be the root cause of coma and death
although this has noteen conclusively determined [White, 2009]. Beare et al. showed
significant correlation between malaria related changes in the retina and coma resulting in death
in children [Beare, 2004] White et al also state that knowing the severity of the cerelatadinfe

may lead to better, more personalized treatment p&hsge, 2001] Careful retinal imaging of
pathology has provided evidence fetinalischemia in cerebral malaria patients and has led to

the suggestion to apply known treatments to decneaxdasion of tissue to combat the effects of

the disease [Beare, 2009]. Diagnosing retinopathy can also play a role is retheing
misdiagnosis of coma. Taylor et al. found that 23% of 31 clinically diagnosed cerebral malaria
related deaths were actualjue to other causes [Taylor, 2004]. Retinopathy observation
provided the only differentiating features between malarial andnmadarial deaths. While
retinopathy related to malaria has been researched extensively in children in the above studies, it
has ot been studied very thoroughly for adults [Maude, 2009

The need for further study of the properties and role of hemozoin in malaria infection as well
as improvement in imaging techniques is evident. Since image quality enhancements have also
been demorimted using polarization (as discussed in section 2.2), polarimetry may be a
valuable tool for not only the examination of hemozoin, but the diagnosis of cerebral malaria

from the point of view of better visualization thie associaterktinopathy.
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Chapter 3 - Improvements in image acquisition and image
processing

3.10verview

Images were captured using a CSLO. Image acquisition speed was increased by the
incorporation of stepper motors to seanitomate the rotation of polarizing optics within a CSLO
imaging gstem. Fourier transform based edge detection filters were applied to images to
improve the success rate of registration. With the senomated optics, the acquisition time
was greatly reduced and the displacement and rotation of images relative tthegichas also
reduced but not significantly, decreasing time for registration for some participants but not
significantly across participants. Translation was only reduced for 2 of 3 participants while
rotation was reduced for all 3. Edge detection riltgreatly increased registration success rate.
This increase in success rate not only reduces the time it takes to register sets of images because
fewer errors need to be corrected, but also could help registration algorithms register images that
previousy could not be registered and allow polarimetry to be performed on previously unusable

samples.

Some of the images (see Table 1) used to develop the improved image registration techniques
described in this chapter, were originally acquired for the perpmscharacterizing image
quality, and used by Hunter for her PhD thesis [Hunter, 2006] and in the following paper [Hunter
2007] which was written by Hunter in collaboration with myself, Marsha Kisilak, Juan Bueno,
and Melanie Campbell. Other images werquared for the purpose of improving image quality
and a subset of the participantsd results wert
images were taken as a function of pinhole size and are unpublished. These images are used
exclusively in ths chapter for the purpose of testing registration methods. For all image
acquisition, | operated the recording computer and provided guidance for the positioning of
imaging on the retina. | also operated the analyzer unit on the CSLO when used. Onee dcquir
processed (averaged and registered) the images and organized the data and images for the
published analysis. In this thesis, | outline for the first time, the improvements given in that data
by automation of the polarimetric acquisition. The edgedn filters are used for the first

time in this thesis and were not used in the study performed by Hunter et al (2007).
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3.2 Introduction

Registration of images is a crucial step in polarimetric imaging of the retina because images
of varying polarizatbn must be aligned to produce the Mueller matrix. A variety of approaches
have been used in an attempt to improve success rates of registration for polarized and low
guality images. Zheng et.alsed a featurbased approach to register poor quality imdgas
diseased retinas, isolating large features and registering them together using a local
transformation algorithm [Zheng, 2005]. Guyot et al. used gratiesed techniques to correct
for distortion in Mueller matrix polarimetry created by unavoidabtgions, like seen im vivo
imaging of the human eye [Guyot, 2006].

Registration of polarimetrianages can be particularly difficult because the different visible
features of the retina change uniquely under the many possible states of polarized light causing
the images to correlate poorly. Polarimetric images also no longer have constant brighitmess
image to image. The success rate for registration of our polarized images using-a cross
correlation algorithm depends on the participant and polarization settings but is well below
100%. In this chapter, | will show how the success rate for registraf polarized retinal
images can be greatly improved using Canny edge detection maps and other Fourier transform
techniques. This can significantly reduce image processing time because images that fail to

register must be replaced aneregjistered.

The acquisition of polarization images in our CSLO is time consuming because the
polarizing optics must be manually set and changed for up to 16 image sets. This increases
participant discomfort due to longer imaging sessions. Reduced imaging times atesaisole
because they may also decrease registration times by reducing eye drift and rotation. Cherici et al
demonstrated that it is difficult for humans to achieve accurate, prolonged fixation [Cherici,
2012]. | will show how the introduction of automdteolarizers can greatly speed up the
acquisition process ah vivo imaging using a CSLO and also reduce registration time due to

faster image acquisition potentially decreasing drift and rotation of the eye.

3.3 The Waterloo CSLO

The instrument used tobtain images of the optic nerve head and surrounding tissue is the

Waterloo CSLO figure 3.1). A spinning polygon mirror is used to scan in the horizontal
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direction, while a galvometer is used to scan in the vertical direction. The scan is simidr to th

of a cathode ray tube television or monitor and sweeps out a square corresponding to the area
being i maged (known as a raster scan). The | ¢
scans the back of the eye. The plane imaged can be adjusieallypAfter the laser light

reflects from the retina, the @eanned light passes through a confocal pinhole and into a
photomultiplier tube where it is digitally recorded via the CSLO console at 28.5 frames per

second. The best frames may be chosean fte resulting video and used for analysis.

The confocal pinhole in the CSLO excludes out scattered and defocused light, ensuring that
the image is mostly formed by the light that originates from the image point on the retina. This is
known as optical gting because this effectively makes the CSLO image a two dimensional slice

that is perpendicular to the incoming beam.

When imaging using polarized light, the beam first passes through a generator. The generator
is an optical element consisting of a knepolarizer followed by a quartgrave plate. By
rotating the quarter wave plate, the generator allows control over the input Stokes vector incident
on the eye. An analyzer may also be placed into the exit path of the laser after it reflects off the
retina. The analyzer consists of a quaksteve plate followed by a linear polarizer. By rotating
the quarter wave plate, the analyzer reads a particular output Stokes vector after interaction of the
light with the human eye. Analyzer and generator quarter véate angles were precisely
controlled using a stepper motor system controlled through a GUI.
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Figure 3.1: CLSO with a generator incorporated into the system.

The633nmHeNe aser 6s power | evel was adjusted t
National Standards Institute (ANSI) [ANSI, 2000]. The maximum laser power level used was

approximately ten times below the maximum level allowed by ANSI, a power level of 150 pW

at the cornea. The power was kept constant throughout the experiment for a given participant.

For each participant, the power level was adjusted slightly to maximize image brightness while
not exceeding the dynamic range of the imaging system when cycloggth quartexwave

plate positions.

Additionally, lenses were sometimes used directly in front of the eye to vary the depth of the

optic nerve head imaged or to sharply focus the fovea. Finally, a fixation target consisting of a
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bright yellow LED andamaget on a white board was wused t

eye so that the desired location of either the fovea or the ONH was imaged.

3.4 Methods

Variousdata sets of retinal images taken for different studies were used to test the success
rate of registration using Fourier transform techniques. These sets provide a wide variety of
changes to the illumination of the retina, which is essential for robust testing of the registration
software. This research received ethics clearance from the bibyvef Waterloo Office of
Research Ethics. Participants were adults with normal ocular health, refractive sphere between
+5.5D and-7.25D and cylinder less than 1.25D whose fundus imaging was performed for a

number of studies (TablB.

For various dataets (Table 1)two main features of the human eye were imaged using the
Waterloo CSLQthe ONH and fovea, and their surrounding nerve fibre layer was recorded in a
15 field (figure 3.2).

Figure 3.2: The ONH (right white square), fovea of the human eye (left white square), and
15° imaging window (black square).
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In some images, the input polarization state was controlled by rotating the -queareeplate
on the generator througid5°, 0°, 30°, and 60° wit respect to the vertical axis of the linear
polarizer, yielding 4 different configurations. Different incident polarization states resulted in
varying brightness and contrast in the resulting imafygsré 3.3).

Figure 3.3: RNFL of a participant taken with incident polarized light produced by the 4
different positions of the generator unit.



The four states of polarized light incident on the eye correspond to linearly independent
polarization states of mularly, linearly, elliptically, and elliptically polarized light for each

rotation of the quarter wave plate [Bueno, 2002].

In other images (Table 1dhe lens in front of the eye was changed to focus on the retinal
nerve fiber layer (RNFL), then midwalpown the optic nerve headhd/oron the lamina cribrosa
(LC).

Number of Number | Number of
Participant Area Confocal of Focal | Polarizatio
S Imaged Pinhole Size (u)| Positions | n Settings Images Acquired For
100, 200, 400, Hunter (2006), Hunter
3 ONH 600 3 1 (2007)
6 ONH 400 2 4 Bueno (2007)
100, 200, 400
5 fovea 600 1 1 Not previously published
11 ONH 400 2 8 Chapter 4

Table 3.1: Participant source and imaging conditions.

Finally, in some images (Table 1), the diameter of the confocal pinhole was adjusted through

four different sizes: 100 pm, 200 pum, 400 pm, and 600 pm.

For 3 participants from Hunter et al (2007) (Table 1), 12 CSLO recordings of the ONH were
acquired thatorresponded to the 12 possible different configurations of confocal pinhole and
lens (See Table 1). From each of these 12 recorddmsod quality image werechosen with a
centered ONHand averaged together to producenkragedmage from each recomlj (36
images in total across 3 participants). One reference image was chosen to which the remaining
11 images were registered (33 registration attempts in t&efrence images were chosen as
the most centered image between all images to be registiesesieral appropriate images were

available, the brightest image was used.

For 6 participants, (4 of which are described in Bueno, 2007), 8 CSLO recordings of the
ONH were acquired that corresponded to the 4 possible configurations of input polastatton

and two lens focus position€(5 D and 0.5 D) with a constant confocal pinhole of 400 um (see
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Table 1). From each of these 8 recordirgygiood quality images were chosen with a centered
ONH and averaged together to produce 1 image from eachdieg(48 images in total over 6
participants). From these 8 images, 1 reference image was chosen to which the remaining 7
images were registered (42 registration attempts in total).

With no polarizers in place, 4 CSLO recordings of the fovea and surrauredea were
acquired for each of the 5 participants that pertained to 4 different confocal pinhol® gjaesd.
guality images were chosen with a centered ONH and averaged together to produce 1 image
from each recordin@nd, from these 4 images, 1 refeze image was chosen to which the
remaining 3 images were registered (15 registration attempts in total). For details on why these
specific settings of pinhole, lenses, and polarization configurations were originally chosen, see
Hunter [2006]. These imagegere reused to test differing registration processes across many

different imagingconditions, giving a diverse selection of images.

| acquired an additional set of imagehich is the same data used to compare polarization
image enhancement methods ihaPter 4 involving 11 participants. The ONH and surrounding
area were recorded at two depths (RNFL and LC). The pinhole was kept constant at 400 um. For
each of the 11 participants, the input polarization state was set to generate circularly polarized
light with a quarter wave plate angle &f5 A r el ative to the gener at
output polarization state was read with an analyzer rotated thrd®dh0°, 30°, and 60° with
respect to the vertical axis of the linear polarizer. From eadied tecordings acquired, 8 good
guality images were chosen (88 in total across 11 participants). From these 8 images, 2 reference
images were chosen (1 corresponding to each depth) to which the 6 remaining were registered
(66 registration attempts in tdtaThen, with only the generator in place, the quantave plate
was rotated through5°, 0°, 30°, and 60° with respect to the vertical axis of the linear polarizer
again for 2 depths. From these 8 images, 2 reference images were chosen (1 corregponding

each depth) to which the 6 remaining were registered (66 registration attempts in total).

Images are also acquired of the CSLO background, recording only the noise produced by the
imaging system, including lens reflections and complex noise mwe@ded at locations and
settings corresponding to each of the imaging conditions descril@ath imaging sessiomhis

is mainly done to remove the static lens reflections that obscure the view of the sample and, if
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bright, can affect autoontrastingoy giving a false ceiling to the pixel values. Eight background

images are averaged together and subtracted from their corresponding retinal images.

3.4.1 Analyzer and Generator Automation

Stepper motors were custom fit to rotating polarizer stageslab software, which sent
signals to a stepper motor control board via the parallel port, controlled the orientation of the
guarter waveplates in the generator unit in all polarized light experiments used in the second set
of images for this work. The otors were controlled through a custom Matlab GUI that allowed
control over motor 1, motor 2y both motors simultaneousliigure 3.4).

Rotate Go To Sync Adjust

Rotate (Degrees) Go To (Degrees)

(%]

Step Adjustment 1

o
)

& i
Motor 1 Motor 1 Degree Adjustment 1

Motor 2 : Motor 2 - Motor 1

Both Motors Both Motors Motor 2 Adjust Step

Both Motors | Adjust Degree
Location

o r
motor 1 <peed

- 0 Motor Speed (RPK)
motor 2

Figure 3.4: Stepper motor GUI used to control positions of quarter vave plates in both the
analyzer and generator unit within the CSLO.

The position could be rotated to a specific
bet ween O and 359 degrees. The ARot-platesanyf unct
number of degrees from their current | ocati on,

stepper motors could not be moved exactly one degree because the small discrete step of the

mot ors was not a multiple ofyfacdAdyjestoTbunom
be used to adjust the motor by any number of its smallest possible steps because 14 steps
approximated but did not exactly eqoaledegree.

The motor driven quarter way@ates took 10 complete revolutions to become out af byn

1 degree. For each participant, the most each motor moved through was only 105°. The
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misalignment was negligible at only 3/1b6f a degree out of sync when sweeping through all 4
positions: -45°, 0°, 30°, and 60°. Alignment of quarigave plates wa checked after each

participant by observing the alignment by eye using the ruler markings on the polarizing optics.

For 3 of the 11 participants, experiments were repeated without the use of the stepper motors,
moving the quarter wave plates by hande Time taken to perform the experiment with and
without the use of stepper motors was recorded. During registration, the rotational and
translational misalignment was recorded and compared for stepper motor and manually driven

polarization optics.

3.4.2 llumination variance

Due to curvature on the retina, the surface being imaged is not totally flat. This, coupled with
uneven illumination from the CSLO itself, imposes illumination variance across the image,
particularly around the edge of the images.nflination variance can be treated as a type of
multiplicative noise across the whole image. To cope with this problem, two illumination
variance correction techniqgues were employed to normalize the variance. A homomorphic
filtering approach was taken which known to reduce multiplicative noise in image processing
[Lowell, 2004]. Homomorphic filtering is a ndmear mapping technique that normailzes

brightness and increases contrast. The second approach takenhigasgram equalization.
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Figure 3.5: Original image Pf (r) (left) and the corresponding image following histogram
equalization T(r) (right).

This process applied a transform to the his
intersity has the same chance of occurring. This was done by finding the cumulative density
function (CDF) of the histogram and using this as the transform for the same histogram.
Consider the original histogram of an imafjgyre 3.5), P(r) where r is thentensity level. We

can find the desired transform, T(r), using:

T(r) =P (r)dr (3.1)
0
This method was employed to give the edge detectors higher contrast edges with which to

work.

3.4.3 Image Filters

Low pass filters were also initially used to smooth out noise so edge detecting filters do not
pick up the noise as a small edge. However, this comes with a trade off as edges are also blurred
while being crucial for accurate edge detection. Three edgetdet were compared in this

approach: the Sobel edge detector, a high pass filter with a cut off of 20 Hz for 502 pixel by 502
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pixel images (which removes nauges, effectively acting as an edge detector) and finally, the

Canny edge detector.

Taking theFourier transformeguation 3.2) of an image puts the image into the frequency
domain where low frequencies are near the center of the image and the frequencies get higher as
you move away from the center to the edge. In the high pass filter edge detsettwod, by
blocking out the low frequencies using a Gaussian filter, smoother regions are taken out, leaving

only higher frequency components, such as edges and figise 3.6).

Figure 3.6: A Gaussianhigh-pass filter removes low frequencies in the frequency domain
enhancing edges and noise.

A smooth Gaussian filter must be used or unwanted artifacts will appear on the image,
reducing the usability of results. The size of the Gaussian filter wdkctthe strength of the
subsequent edge sharpening. After applying the high pass filter, H(x,y), the result, g(x,y), can be
seen by simply taking the inverse Fourier transform (3.3).

Fu,v) = R (x y)e ' # dxdy (3.2)

-g-n0

o o

f(xy) = AfF (u,v)e'*** dudv (3.3)

-g-a

g(x,y) =IFT[FTLf(x, Y)IAH (X, y)] (3.4)
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For my initial processing, a low pass filter, L(x, y), was applied in place of the high pass
filter (figure 3.7). This removed the high frequencies component of the image, reducing noise
and edgeontrast. The larger the filter, the stronger the blur applied to the image.

Figure 3.7: A Gaussian lowpass filter removes high frequencies in the frequency domain
smoothing the image.

The Sobeledge detector works by finding the gradient of image intensity in the x and y

directions. Each direction corresponds to a simple filler,and By, and they are used to
calculate the final image+.S

&1 0 1g el 2 1g

_é 0 _é 0
Bx=g2 0 25 (353 By=g0 0 0y (35b)

&1 0 1y g1 -2 -1y

S, =Px* +by’ (3.6)

Finally, the Canny edge detector works in three stages. First, the image is rughthrou
Gaussian filter (3.7), (3.8) to smooth edges.

fo(xy)=f(xy)* g, (xy) (3.7)
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here g. (x.y) =—— e 3 X*y 0 38
where g, (X, Y 2p§Xp€;£252§ (3.8)

The x and y components of the gradient of the smodilection can then be found (3.9),
(3.10), (3.11).

bf, (xy)=(f *bg,) (3.9)
. (xy)=5f 19 g (3.10)
PX =

|-CDON

a
B, f,(x, y):ég » M (3.11)

&

Finally, the edge gradient and direction can be found using (3.12), (3.13), respectively.

M, () =/, f, (%, V) +(B, f, (x,))? (3.12)

ys(xy)o

3.13
DL (3.13)

g, (x,y) = arctar%

Then, an upper and lower threshold is chosen to locate the edges. Local maxima, found
above the upper threshold value, on the gradient magnitude along different orientations are used
as strong edge locations. If the gradient magnitude of an adjacentapitedse locations is
higher than the lower threshold, it is turned into an edge. The algorithm searches in the Canny
method until all edges are located helping to reduce the number of false edge locations being
turned into edges [Grigorescu, 2004].

3.4.4Application of Filters

Many combinations of illumination variance correction, low pass filters, and edge detection
filters were used in conjunction to find best filter combination for registration. This represents a
chain of three filters used one aftbetother. A general approach was taken to each image to be
registered and was also applied to the reference image. First, an illumination variance correction

technique was applied, followed by a low pass filter to reduce the increase in noise due to the
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application of the illumination variance correction. Then, an edge detection algorithm was
applied to find the presumably enhanced edges with other unnecessary information removed so
the images could be registered more easily. The cut off frequency usedapglication of the

low pass filter was changed in steps of 5 Hz. Note that a cut off frequency of 0 is equivalent to
removing the low pass filter from the chain. Incremental steps were used with the cut off
frequency in the low pass filter to minimizeopessing time since many different combinations

are possible and registration of images is a time consuming process. Tests were also done with
the illumination variance correction removed because it both enhanced the edges and increased
noise in the imagso it was difficult to know whether it was a benefit or detriment to the edge

detection filter {igure 3.8).

Judged by 5 point test

(Fig. 3.8)
illumination low pass filter 1of3 Record number
variance mmme- | from 010 50 Hz | mmmiie= | edge detection |mmmf=| of successful

in 5 Hz steps filters registrations
F Y
Change edge detection
filter
After 3 edge detection filters, increment low pass filter

After 3 edge detection filters and low pass filter increments, turn off illumination variance

Figure 3.8: Flowchart demonstrating method for testing filter chains in the competition for
highest registration success rate.

Due to extremely long image processing times for registration, all possible combinations of
filters could not be applied to all of the images. A smaller set of images was used to narrow
down the best filter combination faach type of edge detection. The best of each was then
applied to all images. Filter combinations were judged by the number of images they

successfully registered.
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3.4.5 Registration

Image registration can be a very slow process if the displacement and rotational
misalignment of the images to be matched is large. For the process, a reference image must be
chosen to which the rest of the images in a set are aligned. When possitééerdrece image
was always chosen as the image corresponding to a pinhole of 400 um and no lens. A 400 um
pinhole was found to be the best tradeoff for brightness and image quality [Hunter, 2006]. When
polarization was varied, the brightest image from thaput polarization states was chosen.
Images (after application of the filter series being tested) were rotated and translated over a large
area in many small steps and the cromselation between each image was calculated. The
amount of translation andbtation varies from image to image because no subject can always
fixate in the exact same spot even with a fixation target used in these experiments [Cherici,
2012]. To ensure the images are overlapped by rotation and translation, they had to be rotated
through 1.5 in both clockwise and counterclockwise directions by steps of dnil stepped
through 40 pixels it x and®y directions by steps of 1 pixel. This would move through an area
of 81 by 81 pixels. An angle of 1.%and 81 by 81 pixels were chosbacause they were the
maximum observed values of misalignment of past images. For each step, the correlation
function was calculated and the position yielding the maximum-casslation value was taken

as the registered image. The crossrelation betwen two mages, s and f, is defined as
R (9) = /(X f (x+g)dx (3.14)
where0¢ R, (/) ¢1

If this value, Ry, equals 1, then the images are perfectly correlated. This special case would
only occur for two identical images. Likewiséthe value is 0, the images are not correlated at
all. The highest correlation was used by the algorithm to choose the most aligned image during

the registration process
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3.4.6 Judging Successful Registration

To ensure each image is registered taeference image, five landmarks were chosen on the
reference image; one point along each edge and one in the @enuer 3.9. Landmarks have
been exaggerated for easy viewing. All landmarks were always chosen to be vessel edge and

intersections. Imagewere autacontrasted to enable maximum visibility during judgment.

SRR ST L

Figure 3.9: Reference image with five chosen landmarks.

If each point showed no translation in any direction, the image is considered registered.
Using a computerimages were overlapped for ideal viewing of landmark positions. Whether a
registration was successfully was only based on this judgment method and not based on any

correlation value found by the registration algorithm during processing.
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3.5 Results

3.5.1 Analyzer and Generator Automation

Over 3 participants, acquisition times were 4.9 times faster using the stepper motors to drive
the rotation of the quarter wave plate versus movement by hand. Experimental time was
significantly reduced by an average8®6 from an average of 519 s £ 26 SD to 104 s £ 6 SD (p
= 0.0008, paired-test). Figure 3.10 shows experiment time lapse for participant 1, 2, and 3 with
manually rotated quarter wave plates shown in blue and motor driven in red.

Acquisition Times Manual VS Automated
600

500

400 -

300 -
m manual

Seconds

H auto

200 -

100 -

1 2 3
Participant

Figure 3.10: Acquisition times were reduced significantly with automated rotation of the
polarizing optics.

Registration times were also reduced by an average of 1.7 times although this reduction was
not significant. It reduced from 49 s + 27 SD ®<+ 11SD (p = 0.18, power €.8, paired
test) Average total time for the registration of the 3 polarization images to the chosen reference

image can be seen in figure 3.11.
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Registration Times Manual VS Automated
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Figure 3.11: Registration times were reduced with automatedotation of the polarizing
optics. Averages are taken across the three images registered for each of 3 participants.

Over 3 CSLO images, the average misalignment of rotation and translation between images

before registration was found with respect todhiginal image for each subject (Tabl@)3.

Participant Translation (pixels) Rotation (degrees)
Manual filter Auto filter Manual filter Auto filter
adjustment adjustment adjustment adjustment
1 8.5 6.8 0.53 0.47
2 10.6 8.3 0.47 0.30
3 8.1 8.8 0.30 0.10

Table 3.2: Average translation and rotation over 3 images for polarizing optics.

A reduction for translation (figure 3.12) was seen in 2 of 3 participants with a mean reduction
of 1 pixels from an average of 9 pixels + 1 SD8tpixels + 1 SD = 0.34, paired-test).
Rotation was reduced for all participants with a mean reduction of 0.14° from an avedagfe of
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+ 0.1 SD to 0.3° + 0.2 SIp = 0.07, paired-test)(figure 3.13). However, the power of this test
was not high. Irorder to reach a power of 0.8, the sample size is estimated at 16 participants.

Average Translational Misalignment

12.00

10.00

8.00

6.00 -

Pixels

m manual

4.00 - H auto

2.00 -

0.00 -
1 2 3

Participant

Figure 3.12: Average translation misalignment using automated and manually driven
polarizing optics.

Average Rotational Misalignment

® manual

m auto

1 2 3
Participant

Figure 3.13: Average rotation misdignment using automated and manually driven
polarizing optics.
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3.5.2 Frame Averaging

Images acquired with the CSLO contain some noise due to the detector. In addition, the
coherent laser produces laser speckle and the noise characteristics aredurfiieated by the
raster scan of the system [Hunter, 200&].reduce additive noise and improve image quality, all
images registered are first frame averaged. After acquiring each recording from thee@itO,
images of very similar location and withethsame experimental conditions were chosen,
registered and averagedhe effects of frame averaging to reduce noise has been well
documented [Castleman, 1996]. The optimal number of images when trying to balance image
quality with increased difficultly oflignment due to eye movements was found to be 8 images
[Hunter, 2006].Since the 8 images to be averaged are in almost the same location and are nearly

identical to each other, registration with no edge detection is fasioamoletely reliable.

As a quatitative measure of the improvement, we can measure the signal to noise ratio
(SNR) of the images before and after averagingufe 3.14). For a complete description of
SNR, see section 4.3.5.

Figure 3.14: Average of 8 images (rightshows a marked improvement in the signato-
noise over original image (left) ratio.
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3.5.3 lllumination variance

Homomorphic techniques failed to produce desirable results for image quality improvement
(figure 3.15). Homomorphidechniques normalized illumination very well but introduced
artifacts and smoothed the vessel edges, which is the most important feature in registration.
Vessel edges are consistently present in all images and a strong edge is necessary for edge

detectiorfilters.

Figure 3.15: 400mpinhole CSLO image (left) and image with illumination correction using
homomorphic techniques (right).

The second approach taken to deal with this variation was histogram equalization. The
resulting imageshow a significant improvement in uniformity of illumination across images. As
figure 3.16 shows, the vessels in the images, especially in the 100 micron pinhole image, are

much brighter than before.
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SNR =1.54 SNR =1.56

Figure 3.16: Original 100 mpinhole image (top left), original 400mpinhole image (top
right), histogram equalized 100mpinhole image (bottom left), and histogram equalized 400
mpinhole image (bottom right).

This gives the edge detectors higher contrast edges to work with by incréesByR and
increasing global brightness and contrast. However, even with a higher SNR value, the higher
contrast edges come at the cost of higher contrast noise which can be picked up more easily by
edge detection. Edge detector algorithms cannot tediffezence between an edge and the large
pixel value difference between neighbouring pixels introduced by noise and will treat noise as

edges. This is detrimental to the registration process.
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In testing, all histogram equalizations showed improved SNRltsewhen the histogram
equalization was followed by a low pass filter to smooth out the noise that had been enhanced by
the processfigure 3.17).

Figure 3.17: Histogram equalized image (left) and histogram equalized image followed lay
low pass filter (right). Fine features appear smoother in the image after filtering.

Without the low pass filter, edge detection algorithms found the noise as edges and produced
very poor results.

3.5.4 Influence of Controlled Variables on ONH Images

To ensure that the edge detection filter was versatile, many different typical images were
chosen for registration. For the ONH, registration of images acquired using changes in the type

of incident polarized light, pinhole changes, and depth changeswamred.

With a generator and analyzer in place in the CSLO, the influence of the polarization state on
the intensity of the image is complex. It changes depending on the visible features, orientation of
fiber layers and also from subject to subjectc8isome areas of the nerve fiber layer are more
sensitive to certain orientations of polarization state, the image brightness and contrast will vary
slightly locally and globallyf{gure 3.18).
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Figure 3.18: 4 images corresponding to thé settings on the polarization state analyzer.

With the analyzer removed and only a generator in place, the changes to brightness and
contrast are more predictableg(re 3.19). While some local variation in the brightness can be
seen, the observed cluyms between generator states are mostly seen as a global change in
brightness and contrast.

a7



Figure 3.19: 4 images corresponding to the 4 settings on the polarization state generator
with no analyzer.

Secondly, the lens, which contsolthe depth of measurement, changes the features
distinguished in each image. While some images may show the surface of the nerve fiber layer
and vessels, deeper optical slicing will image below the vessels into the nerve fiber layer and
also into the ONHup (figure 3.20). It should be noted that the images in figure 3.20 have been
autocontrasted to make feature difference more visible. Observe the differences in the two
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images, in particular, how the vessels appear white when imaged on their surfasebut
imaged by slicing through them, they appear black. Additionally, when imaging deeper,
previously invisible blood vessels appear visible. Finally, the ONH is very dissimilar between
images since the depth of focus of the left image is not great etmpgtk up the deep features

of the ONH cup, while the second image shows them more clearly.

Figure 3.20: Images of different depths of the same ONH taken with the CSLO.

Lastly, changing the pinhole size on the CSLO, directly befloeedetector, controls the
amount of scattered light entering the detector and should affect the depth of focus of the image.
This affects both the intensity of light globally across the entire image and the contrast and
visibility of some of the featuseshown in each image. A large pinhole will yield a bright image
but with a tradeoff, features will be less sharp since more scattered light will degrade contrast.
Also light from out of focus planes will be picked up by the detector. That is, the cpitbeals
thicker. This also changes the features shown in each image because objects out of the plane of

focus will still be picked up when the pinhole is larger.

It is interesting to note that reduced depth of focus between 100 and 400 micron pinholes
seemed to disappear under histogram equalization as séguari 3.16. This occurs because

histogram equalization redistributes pixel intensities, effectivelyasiimg out and flattening the
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images corresponding histogram, allowing for low contrast areas to appear with higher contrast.
Since the apparent depth is due to variation between dark and bright areas, this can seem to

vanish once histogram equalizatiorapplied to an image.

3.5.5 Sobel Filter

Each edge detection filter reacted differently depending on the processing done previous to
the application of the edge detection algorithm. On its own, the $Sitibelpicked up the fine
striations in the nerve fiber layer creating heavy noise in the final image. This created reduced
clarity on the strong edges of the image, producing a poor registration success rate. The output of
the Sobel filter versus no @t can be seen in figure 3.21.

Figure 3.21: No filter image (left) and Sobel filter image (right).

The Sobel filter also worked poorly with any illumination variance correction. This is most
likely because, while the correction did iease contrast around edges, it also greatly increased
the strength of the noise within the image and small features that are undesirable for vessel edge
detection such as the fine striations in the fiber layer. The combination of filters detected this
increase in noise as small edges, resulting in extremely no@ges with low edge contrast
(figure 3.22.
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Figure 3.22: No filter image (left) and image resulting from a histogram equalization
followed by a Sobel filter (right).

Sincealmost all of the strong edges are lost to noise after illumination variance correction,
the low pass filter used to reduce noise after correction of illumination variation, leaves the Sobel
filter little to work with, resulting in a low success rate fegistration. Figure 3.23 shows the
results of smoothing the histogram equalization with a low pass filter usingaodf @ft15 Hz

and applying a Sobel filter.
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Figure 3.23: No filter image (left) and image resulting from & histogram equalization
followed by a low pass filter followed by a Sobel filter (right).

Figure 3.24: No filter image (left) and image with low pass filter followed Sobel Filter
(right) with no illumination correction.
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Since correction of illunmation variance created such an increase in the noise level, the best
choice was to skip it and apply a low pass filter to the original image in an attempt to reduce the
finer features of the retina. This left mainly the strong edges of the blood vesstis Sobel
filter to enhancef{gure 3.24).

3.5.6 High Pass Filter

The high pass filter reacted similarly to the Sobel filter when applied to an illumination
variance correction, undesirably enhancing theenaisd striations in the imagegiire 3.25).
While the vessels themselves did show up fairly well, the overall quality was hampered by the

noisy nerve fiber layer.

Figure 3.25: No filter image (left) and the image resulting from an illumination variance
correction followed by a high pass filter (right).

Using a | ow pass filter followed by a high

some of the vessel inforation was lost in the procesgyire 3.26).
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Figure 3.26: No filter image (left) andthe image resulting from a low pass filter followed by
a high pass filter (right).

The poor results from a low pass filter followed by a high pass filter (figure 3.26) possibly
occurred because the strength of the vessel edge is not consistent duth tthdeges of the
vessel, varying background brightness of the retina and ONH cup, and the detection of the fine

striations making up the RNFL.

Figure 3.27: No filter image (left) and high pass filter image (right).
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A simple high paséilter (figure 3.27) worked best to improve image registration because it
reduced the signal of the fine striations in the RNFL while leaving the blood vessels themselves

intact.
3.5.7 Canny Filter
When the Canny edge detection algorithm was applieddges by itself, the algorithm

picked up noise and nerve fiber striations as edigs¢ 3.28).This created many edges that

change slightly with the noise, making registratimmeliable

Figure 3.28: No filter image (left) and image with Canny filter (right).

The application of a low pass filter prior to the Canny filter greatly reduced the edges
detected in the RNFL while maintaining the structure of the vessels which are the most important

feature for registratioffigure 329).
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Figure 3.29: No filter image (left) and image resulting from a low pass filter followed by a
Canny filter (right).

This can be taken further by first applyinglastogram equalization to the imad&qre 3.30).

Figure 3.30: No filter image (left) and image resulting from histogram equalization
followed by a low pass filter and then followed by a Canny filter (right).
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While histogram equalization increased noise contrast substantially for the Sobel and high
pass filter edge detection algorithms, the Canny filter (following a low pass filter) was not
affected in the same way due to its binary nature. It also maintained vital information regarding
the edge of the blood vessels. The application of the histoggaalization revealed information
that was too dark to be picked up with just a low pass filter followed by Canny edge detector
alone. Information close to the edges of the images is particularly important when aligning the
orientation of the image sinceitiv rotation, pixels around the edges will move further than
pixels near the centre. For the Canny filter, at least 3 of the 5 judgment points were always

aligned.

3.5.8 Registration Results for ONH Images as a Function of Depth

Recall that for registration to be successful, each of the 5 points in figure 3.9 must align in a
given image. From the first set of images, attempts were made to register 84 ONH images across

9 different participants. With no filter in place, 70.7% of itlh@ges were registered successfully.

The best result with a Sobel filter was comprised of a low pass filter with a cut off of 20 Hz
to smooth out the noise and nerve fiber layer, leaving only the vessels for detection, followed by
the Sobel filter. Thigielded 89.3% of images registered. The results of the best Sobel filter can

be seen in figure 3.31.
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Figure 3.31: Image without filtering (left) and image resulting from a low pass filter
followed by a Sobel filter (right).

The besthigh pass filter was simply a high pass filter with a cut off of 20 Hz giving very
good results with 93.3% of images being successfully aligned. The high pass filter image is

shown in figure 3.32.
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Figure 3.32: Image without filtering (left) and high pass filter image (right).

The best Canny filter produced the highest success rate of all the filters with 94.7% of images
being successfully registerefigure 3.33). It was comprised of histogram equalization, then a
low pass filtewith a cut off of 15 Hz, followed by a Canny filter.
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Figure 3.33: Image without filtering (left) and image resulting from an histogram
equalization followed by a low pass filter followed by a Canny filter (right).

3.5.9 RegistrationResults for Fovea Images

Attempts to register 15 CSLO images of the fovea were made. With no filter in pla@¥, 20
of the images were registered successfully. The best high pass, Sobel, and Canny filters all
produced outstanding and identical resutegistering 93.3% of images. The filters and the

original image with no filter can be seen in figure 3.34.
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Figure 3.34: Image without filtering (top left), the same image with best Sobélter (top
right), with best high pass filter (bottom left), and with best Canny filter (bottom right).

3.5.10 Registration Results for Variable Analyzer ONH Images
From the ONH images taken at different depths and polarizer settings, across 1lapgsticip

132 registration attempts of images were made. With no filtering performed, 81.8% of the

images were registered. The best Canny filter increased registration success to 91.7% of images.
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Figure 3.35: Image without filtering (top left), the same image filtered with best Sobel filter
(top right), with best high pass filter (bottom left), and with best Canny filter (bottom
right).

The second best results were from the high pass filter which achieved a success rate of

90.2%. Again, e worst of the three filters was the best Sobel filter, which had a success rate of

86.4%. The filtered images and the original image with no filter can be seen in figure 3.35.
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3.6 Conclusions

As expected, automation of the rotation of quarter was&s within the generator and
analyzer unit decreased acquisition time substantially, with a significant average time reduction
of 414 s (p = 0.0008). Also since the participant no longer came in and out of the system,

participant comfort increased.

The aubmation reduced the time needed to register the images during image processing for
all 3 participants, but the results were not significant. The amount of time needed for
translational and rotational correction also reduced-sigmificantly across partipants. The
time for registration was more sensitive to rotational changes then translational changes. An

increased number of subjects would improve the power oftést.t

Registration of CSLO images, using combinations of known edge detection filtexrased
the success rate of retinal image registration for a variety of optical and polarimetric
configurations at two positions imaged with the CSLO. All three filters (high pass, Sobel and
Canny) produced excellent results for foveal images, with refystrauccess rates increased
from 20% to 93.3%. For the ONH images in set 1, results were more dependent on the filter
used. The best filter was &istogram equalization, followed by a low pass filter with a cut off of
15 Hz, followed by a Canny edge dgtien filter. Registration success rates went from 70.7% to
93.3%. For set 2 (consisting exclusively of polarization ONH images) the same best Canny
algorithm achieved highest success rate increasing successful registrations from 81.8% to 91.7%.
Over allimages to be registered (set 1 and set 2), the best Canny algorithm gave best results
improving success rate from 73.9% to 92.3%. The increased success rate will greatly reduce the
overall processing time of acquired data. It also may allow for registratieamples that could
not be registered without edge detection filters. This could allow for the calculation of

polarization properties for samples that could previously not be assessed with polarimetry.
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Chapter 4 - Reassessment of Muellematrix Image Quality
Enhancement Methods

4.1 Overview

Mueller matrix polarimetrywas used together with a CSLO imaging system to reassess 2
image quality enhancement techniques, Mueller matrix reconstruction (MMR) and Stokes vector
reconstruction (SVR), using two image quality metrics, entropy and sigimalise ratio (SNR).
Images atput by the enhancement techniques were-anitdrastedor normalized withinthe
algorithm. The goal of the reassessment was to determine the degree to whidméatstingor
normalizationis responsible for image quality improvement of the MMR and SVR images.
Improvement was shown to be partially due to augotrastingor normalizingfor MMR in
terms of entropy but not in terms of SNR. For DOP and SVR@uritrastingor normalizing

waspartially responsible for image quality improvement in terms of both SNR and Entropy.

All data described in this chapter were acquired for the purpose of this thesis. For this
experiment designed by myself, Marsha Kisilak, and Dr. Melanie Campbell, Itepeize
recording computer and provided guidance for the positioning of imaging on the retina. | also
operated the analyzer and generator units on the CSleQistered, processed, and analysed all
data acquired from the system. MMR and SVR software uséuis work was written by Dr.

Juan Bueno.

4.2 Introduction

Polarimetry has been reported to enhance image quality of imaging systems using several
methods. Bueno and Campbell used Mueller matrix polarimetry to enhance retinal image quality
in confocal nicroscopy by acquiring 16 different spatially resolved polarized images by
incorporating a generator and analyzer unit in a confocal scanning laser ophthalmoscope (CSLO)
[Bueno, 2007]. The techniques in their work were then simplified to require onlytidllspa
resolved polarized images, greatly reducing acquisition and processing time while still showing
image quality improvements (percent increases as high as 80% for entropy) for fundus images
[Bueno, 2009b]. Bueno and Campbell also developed a secatidligpresolved, 4 image
polarization enhancement technique that utilized a modified version of the degree of polarization
(DOP) as well as the first element of the calculated Stokes vector to improve image quality.

Using this method, Bueno reported pertcenprovements above 200% in terms of entropy and
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25% in terms of SNR for biological targets [Bueno, 2008]. However, when comparing CSLO
images to reconstructed images to attain percent improvement valuesiominasting or
normalizationwas performedt the end of the algorithnThis means that percent improvements
may not only be due to the polarization methods alone but from a combination of polarization

image enhancement methods and aatatrastingor normalization

In this chapter, both of these age enhancement methods will be reassessed with a
comparison of the original methods to the same methods using@trasted CSLO images.
When choosing the best autontrasted CSLO images, SNR and entropy is reassessed and a new
best image is chosen thia not necessarily the same image as the best CSLO image. The first
method calculates images using the top row of the Mueller matrix (MM) to perform Mueller
matrix reconstruction (MMR) [Bueno, 2007]. This method essentially looks at all possible
polariza i on states and finds the Abesto i mage, th
SNR or entropy. The second method reconstructs images using the output Stokes vectors (SV)
performing Stokes vector reconstruction (SVR) [Bueno, 2009b]. This uhgttoaluces DOP and
Sy images which can be assessed for image quality by applying the SNR and entropy metrics. It
should be noted that the labels MMR and SVR were chosen by me as umbrella terms for the
methods summarized in Bueno and coauthors (2007 arghQ0

The goal of the reassessment of these techniques is to show how much of the image quality
improvements was due to awtontrastingor normalizationand how much was due to the
polarization methods themselves. MMR images will also be compared limehady polarized
CSLO image from each set, both original and autotrasted. Since many polarization retinal
imaging systems only use linearly polarized light for imaging and may be modified to employ
these image quality enhancement techniques, thdorpence with respect to linearly polarized
light is an important distinction. SVR does not use linearly polarized light so no comparison will

be made in that respect. For SVR, the comparison made was only against the best CSLO image.

4.3 Methods

Elevenparticipants were imaged at 2 imaging depths. Participants were chosen from ages 19
to 68 to study if percent change in metric value changed as a function of age. A lens was used to
focus on the RNFL and then a second lens was used to focus on the eChqaeticipant. The
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power of lens used was dependent on the participant. Sixteen recordings were acquired for each
participant producing 176 CSLO recordings in total of the optic nerve head (BHgach
recording, 8 images were chosen with centered oy@rve head. These images were averaged
together to produce a reduced noise image for each required polarization fetiges were
reconstructed using MMR and SVR with the exact methods of Bueno and Campbell outlined in
their corresponding papers [Bue 2007] and [Bueno, 2009b], respectively. These methods were
performed using the appropriate configurations of the analyzer and generator units incorporated
into the Waterloo CSLO for polarimetry imaging.

photon multiplier

tube
pinhole ™ =
L —
analyzer '
unit [ '
A generator unit

laser

beam splitter ~

Figure 4.1: Waterloo CSLO schematic with removable generator and analyzer units in
place.

Images were captured using a 4@ confocal pinhole incorporated into the system as
shown in figure4 . 1 wi t h a 15e f isaevithdhorroaf ocwar health andP &G t i c i

corrected visual acuity were imaged at two depths, one at the depth of the lamina cribrosa and

66



the other at the depth of the retinal nerve fiber layer surrounding the ONH. Pupil dilation was
induced for each participansing drops of 0.5% tropicamide before their imaging session. Every
participant had their ocular health assessed by a licensed optometrist to ensure the safety of pupil
dilation. All participants in need of refractive correction wore their spectaclesntaatdenses

during the imaging session. Eight frames were averaged for each CSLO image to reduce noise as
described in section 3.5.2. This research received ethics clearance from the University of

Waterloo Office of Research Ethics.

Over all for 11 partipants at 2 imaging depths, both the Mueller matrix reconstructed
images and Stokes vector reconstructed images combined witbaaitasting were compared
to the best original image (original image with highest value of SNR or entropy) and best auto
contrasted original image. The Mueller matrix reconstructed images were also compared to the
original linearly polarized image (image acquired by the CSLO when the generator unit
generates linearly polarized light) and best augntrasted linearly polarizechage

4.3.1Auto-contrasting

When an image is autmontrasted, its pixel values are linearly normalized to stretch across
the entire greyscale of the image ranging from 0 to 255. The lowest pixel value of an image will
be assigned a value of 0 (black) and the highest pixel valuassgitjned a value of 255 (white).

For example, in the washed out image given below (left), the lowest pixel value is 55 and the
highest pixel value is 187.
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Figure 4.2: Original low contrast and dim image (left) and an image after autecontrasting
the original (right).

To autecontrast the image, each pixel has the minimum pixel intensity subtracted from it,
yielding values of 0 and 132 for the lowest and highest pixel intensity, respectively. Then, each
pixel intensity value is divided by a 255/132 (dynamic range/highest pixel intensity) to normalize
the values across the full dynamic range. As shown in figure 4.2, this can greatly improve the
brightness and contrast of dark images but has less effedteaaly bright and/or higbontrast
images. Note that an adtontrast could make an image darker if it did not contain low valued

pixels, but this never occurred for any images in this study.
4.32 Mueller Matrix Reconstruction

MMR requires the input oft spatially resolved CSLO images of differing polarization
state. These states are determined by 4 different settings on a generator unit which is

incorporated into the Waterloo CSLO as seen in figure 4.1. The analyzer is removed from the

CSLO during imagig sessions for MMR.

As discussed in Chapter 1, every possible polarization state of light can be represented by
its associated Stokes vector. The Stokes vector of the light measured at the photefieisr, S
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related to the Mueller matrix of thombined system and Stokes vector of the light transmitted

through the generator unit by:

Y 0 2JY 4.1)

Where M is the Mueller matrix of the subject being imaged combined with the Mueller
matrix of the scanning system where: M Mscan Meve Mpescan. e is the predetermined
Stokes vector produced by the generator unit for its 4 settirg$,2,3,4. The first term of the
Stokes vector, & represents the intensity values measured by the detector i6rgbtting of
the generator unit. If we look at this relationship for a single generator setting, one can show that
the intensity value & is related to the top row of the Mueller matrix and the Stokes vector

produced by the generator unit.

' a a a a Y
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This may be extended to the four polarization states created by the generator unit as they are
related to the intensity valuesesS, using exclusively the top row of the Mueller matrix. Lgt |

represent the 4x1 matrix containingppSmeasured ¥ the detector for each of the 4

configurations.
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o 0 D (4.5)
O 000 (4.6)

Using equation 4.6, the top row of the Mueller matrix may be calculated using only the intensity
images recorded by the detector and the known Stokes vectonfponents corresponding to

the 4 polarization states produced by the generator unit.

Using the top row of the Mueller matrix, one may now calculate the resulting intensity level
for any input polarization state. The resulting intensity image can be lasdufor any input
polarization state once the Mueller matrix has been calculated at each pixel. Recall that the first
term of the Stokes vector represents the intensity value measured by the detector. Generally for

any sample, this can be expressed as:

oy

~ T
y & & & a4 o) 4.7)
||Y i

uy U

Also, remember that from section 1.4, it was shown that the elements of the Stokes vector

may be written in terms of ellipticity and orientation of the polarization ellipse:

Y YATQATO (4.8)
Y YATcQO K| (4.9)
Y “YOEKI.. (4.10)

wherec andd are the ellipticity and orientation, respectively. If we sub equations 4.8 to 4.10 into

4.7, it can be seen that:

Y YA TGQA T ¢O™
0Y ATQOK
u Y OKIl. U

(4.11)

We can now calculate the output intensity image S for any input polarization state,

defined by its position on the Poincare sphere. For any completely polarized input Stokes vector,
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the value of §" will always be ongCollett, 1992]. This means we can set'$ 1, simplifying

equation 4.11 into:

p
"YATCQATO
ATcQO K|
O Kl..

(4.12)

Finally, by using equation 4.12, we can vaand (i to calculate the output image for all
possible input polarization states.

The variablesandliar e varied by 5e¢e steps producing t
many input polarization states. This is equivalent to changing the Stokes vectorigpuhe
polarization so that it traces out the entire Poincaré sphere surface, approximately representing

every possible input polarization state.

Figure 4.3: A convenient geometrical representation of all possible polarization states
(Public domain wikipedia image- http://en.wikipedia.org/wiki/File:Poincaré_sphere.svg).
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By outputting images for all/l p o | asphere)awei o n
are able to find the polarization state that corresponds to the best value generated by image
quality metrics when applied to each output image. In this case, image quality metricgosignal
noise ratio (SNR) and entropy are applied to eaclyémta quantify the image qualitiyrom this,

MMR will produce 2 reconstructed images, the image corresponding to the maximum SNR value
and a second image corresponding to the maximum entropy value. For each participant, |
produced the MMR max SNR and mamt®py images by inputting original CSLO images
which were then compared to the best original CSLO image (the CSLO image yielding the
highest value of the corresponding metric). Then, a second set of MMR max SNR and max
entropy images was reconstructed ibputting autecontrasted CSLO images. Those were
compared to the best autontrasted CSLO image. Once agtmtrasted images are input into

the MMR algorithm, the top row of the Mueller matrix elements are no longer the true elements
since autecontrasting of CSLO images changes the relative values of the pixels between the 4
input images. The Mueller matrix elements and reconstructed images would lose any physical
meaning with this changélowever, it is still of interest to see if the reconstructed esdtave
improved quality. The MMR reconstruction algorithm used is that of Bu¢Baeno, 2007]

which autecontrasts images at the end of the algorithm.

4 .33 Stokes Vector Reconstruction

SVR also requires the input of 4 spatially resolved CSLO imagesfefinly polarization
state. These states are determined by a constant setting on the generator unit (which produces
circularly polarized light) and 4 different settings of the analyzer unit. Both units are
incorporated into the Waterloo CSLO as seenguari 4.1.

By setting the generator unit to produce circularly polarized light and using four different
polarization sampling positions of the analyzer unit, we can determine the Stokes vector of
reflected light for the input polarized light. With both amalyzer and generator unit in place in
the CSLO, the Stokes vector of the light measured at the photomgter rélated to the four
corresponding intensity images by:
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Where MMi s the known 4x4 matrix for the CSLOOGS
Stokes vectors representing the different polarization states produced by the four settings of the
analyzer unit. Each Stokes vector component is a funofipixel position which can be mapped
as an image.

Once the Stokes vector at the detector for each pixel is known, we can calculate the modified
degree of polarization (DQP at each pixel position, giving the modified DOP image. The value

SV#is a consint value and is equal to the maximum pixel value found over the egiirage.

~

060 — (4.15)

Within the DOR; calculation, once the Stokes parameters are determined they are stretched
by dividing each of the 4 parameters hy'® as can be seen in equation 4.15. This in effect
normalizes $(which is not used in the calculation of D@Rwvhile stretching § S, and S but
not completely normalizing them from 0 to 1 (black to whif)is means that they,$hat is

compared to the initial images is normalized, while the initial images are not.

Once the stretched Stokes parameters are used to calculateiD@e dgorithm, DOR; is
autocontrasted before it is output.

Recall that the amount of DOP is calculated by:

~

o060 — (4.16)

The DOR; can be found in terms of DOP by multiplying both sides of the DOP equation by
S0 and dividing both sides of the equation BY*S
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This means that the D@HAs DOP*S0 divided by &' (the constant maximum pixel value
across the entirep@mage). Again the output image has been normalized while the input images
to which it is compared have not.

In the MMR calculation, the final output image is normalized to the have a maximum
value of 1, indicating that it corresponds to a polarized light image. This image is then compared

to an initial input image which has not been normalized.

In order to se the effect of the stretching of the images in comparison to the differences
in polarization, | compared the final images to the initial images, after the initial images are auto
contrasted. Since there are normally black pixels in the images, this iwalegu to the
stretching that is performed on the output images.

Work by Song et al. calculated the all polarized light image using by simply multiplying
DOP*S0. This was found to improve image quality [Song, 2008]. This was compared tp DOP

to assess iage quality differences with SNR and entropy.

DORy and $ images produced by SVR are aatintrasted within the algorithm. From this,
SVR will produce 2 reconstructed images, the calculateith&ge and the DQPimage.Both
the DOR; image and §image hae their image quality quantified by image quality metrics SNR
and entropy. Unlike MMR, autoontrasted images cannot be input into the SVR algorithm
because they would change the value of the Stokes parameters, Bined ®OR, images
produced by SVR wereompared to both the best original CSLO image input into the SVR
algorithm and the best image after the same images have beeawatntsted.

4.34 Image Quality Metrics

Signatto-noise ratio is a good measure of image quality because it measuresrigth sife
the signal relative to the background noise level. This noise can result from laser speckle and

noise within the imaging system, among other sources. SNR is defined as the ratio of the mean
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intensity of the pixels (the pixel value) to the standdeViation of the pixel intensities
[Blanchet, 2006].

3.2 (4.19)

The pixel intensity as a function of spatial location on the image is represented by I(x, y) and
i andj are the number of horizontahd vertical pixels in the image, respectively.

Also used to measure image quality is the metric Shannon entropy. In this work, a predefined

calculation for entropy was used from the Matlab library defined as:
0& 01 £¢nB B Ouhw & £0cw (4.20)

Shannon entropy is dependent on the absolute values of pixel intensities within a given two
dimensional image. Although the relationship is complex, generally, as pixel intensity increases,
entropy increases. This is demonstrated in sectior?.4Hunter et al found entropy to be a
superior image quality metric for fundus image quality when compared to SNR [Hunter, 2006].
For both image quality i mprovement techniques
were compared to both the best ora images acquired from our Waterloo CSLO. We have
added a comparison to the best original images aftercaivasting. The best original images
are chosen as the image yielding the highest SNR or entropy values of the 4 output polarization

images fronthe CSLO for Mueller matrix top row measurement or Stokes vector measurement.

Metric improvement was calculated using a standard percent change calculation:
PQdni €0QQe pnm (4.21)

whereA is the image quality metric value of the given reconstruction method and B is the
image quality metric of the original CSLO image.
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4.4 Results

4.4.1 Mueller Matrix Reconstruction VS Best CSLO Image

As expected, Mueller matrix reconstruction showphiicant improvement over the best
CSLO image (no autoontrasting) in terms of both SNR and entropy at both imaging depths.
Since all percent increases of entropy or SNR are above zero, the mean values of entropy and
SNR at both depths must always bgngicantly above zero.

Both MMR max entropy and max SNR images always showed positive improvement when
compared to the best CSLO image (not azdntrasted) as expected across all 11 participants at
both the LC and RNFL depth. Images of the LC and RNIEldgid very similar results. Entropy
showed large, significant (Fig. 4.4, 4.26) percent increases and a significant positive linear
relationship with age at the LC depth £ 0.048,R* = 0. 37, using Sigmapl ol
(figure 4.4). At the RNFldepth, the linear regression model was not signifigart 0.08,R? =
0.30).
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MMR Entropy Images VS Best CSLO Images
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Figure 4.4: Percent improvement of MMR images over the best CSLO images as measured
by entropy at the LC (left) and RNFL (right) depths. The fit on the left (LC) is significant
while that on the right is not (RNFL).

When compared to original CSLO images, SNR improvement showed no significant
relationship between percent increase in SNRevalud age when fit with the linear regression
model at the LC depttp 0.26,R? = 0.14) or the RNFL deptlpE 0.26,R* = 0.14) and yielded

all positive percent increases considerably lower than entfmuyds 4.5, 4.28).
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MMR SNR Images VS Best CSLO Images
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Figure 4.5: Percent improvement of MMR images over the best CSLO images as measured
by SNR at the LC (left) and RNFL (right) depths. Fits shown are not significant.

The results when inputtingutacontrasted CSLO images into the MMR algorithm differ
considerably. The percent change in entropy still showed all positive, significant results for all
image sets, but percent increases were considerably lower (Fig 4.26) and now show no
significant réationship between percent increase in entropy and age with the linear fit at the LC
depth p = 0.60,R? = 0.03) or the RNFL deptipE 0.80,R? = 0.007) figure 4.6).
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MMR Entropy Images VS Best CSLO Images using Auto-Contrasting
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Figure 4.6: Percent improvement of MMR images over CSLO images as measured by

entropy using autecontrasted inputs at the LC (left) and RNFL (right) depths. Fits shown
are not significant.

As with the original images, SNR again showedsignificant linear relationship with age at

the LC depthf§ = 0.68,R? = 0.02) or at the RNFL deptlp € 0.47,R? = 0.06) figure 4.7). The

percent change in SNR showed all positive, significant increases across stibjeetg.28).
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MMR SNR Images VS Best CSLO Images using Auto-Contrasting
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Figure 4.7: Percent improvement of MMR images over CSLO images as measured by SNR
using auto-contrasted inputs at the LC (left) and RNFL (right) depths. Fits shown are not
significant.

Sample images of both original CSLO and actotrasted CSLO images compared to

MMR max entropy and max SNR images can be seen in figures 4.8 and 4.9.

80



SNR=2.130 E=15139

SNR =2.130

Figure 4.8: Best SNR CSLO image (topeft), best entropy CSLO image (top right), Best
auto-contrasted SNR CSLO image (bottom left), and best autcontrasted entropy CSLO
image (bottom right).
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SNR = 2.270

¥4

SNR = 2.279

e X
5

Figure 4.9: MMR max SNR image calculated from CSLOimages (top left), MMR max

entropy image calculated from the original CSLO inputs (top right), MMR max SNR

image with auto-contrasted CSLO inputs (bottom left), MMR max entropy image with
auto-contrasted CSLO inputs (bottom right)

4.4.2 Mueller matrix reconstruction VS Linear CSLO Image

Overall, Mueller matrix reconstruction methods showed a greater image quality
improvement, again significant, when compared to the image formed by linearly polarized light
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captured by the CSLO versus the best CSLO infageres 4.26, 4.28), as expected, since the
best CSLO image is guaranteed to perform equally or better than the linearly polarized image

when quantified by either image quality metric.

Entropy €igure 4.10) did not show a significant linear relationshith age at the LC depth
(p= 0.08,R? = 0.30) and an insignificant relationship at the RNFL depth 9.06,R* = 0.34).

MMR Entropy Images VS CSLO Images Formed by Linearly Polarized Light
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Figure 4.10: Percent improvement of MMR imagesover the CSLO image formed by
linearly polarized light as measured by entropy at the LC (left) and RNFL (right) depths.

The fits on the left and right are insignificant (p=0.08 and p=0.06).

SNR figure 4.11) on average increased significantly but shom@dsignificant linear
relationship with age at the LC depih£ 0.50,R* = 0.05) or the RNFL deptip(= 0.73,R? =
0.01).
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MMR SNR Images VS CSLO Images Formed by Linearly Polarized Light
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Figure 4.11: Percent improvement of MMR imagesover CSLO images formed by linearly
polarized light as measured by SNR at the LC (left) and RNFL (right) depths. The fits

shown are insignificant.

When autecontrasted CSLO images are used as inputs into the MMR algorithm, the percent
increase of image gliy drops substantially for entropy but is significantly above zero (figures
4.12, 4.26).There is no significant linear relationship of percent increase in entropy with age at
the LC depthg§ = 0.25,R* = 0.14) or the RNFL deptipE 0.30,R? = 0.12).

MMR Entropy Images VS CSLO Images Formed by Linearly Polarized Light using Auto-Contrasting
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Figure 4.12: Percent improvement of MMR images over the CSLO images formed by

=
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linearly polarized light as measured by entropy at the LC (left) and RNFL (right) depths.

Fits shown are not significant.
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For SNR {igures 4.13, 4.28), no significance was found using the linear regression model at
the LC depth§ = 0.53,R? = 0.05 or the RNFL depthp(= 0.73,R? = 0.01). The mean increase

was significantly above zero.

MMR SNR Images VS CSLO Images Formed by Linearly Polarized Light using Auto-Contrasting
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Figure 4.13: Percent improvement of MMR images over the CSLO images formed by

|

linearly polarized light as measured by entropy at the LC (left) and RNFL (right) depths.
Fits shown are not significant.

Sample CSLO images taken in linear input polarization for both original anetantiasted
CSLO images can be seen in figure 4.14. Note that the output MMR max entropy and max SNR

images are the same as those compared withetstesCSLO image and can be seen in figure 4.9.
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Figure 4.14: Original CSLO image formed by linearly polarized light (left), auto-contrasted
CSLO image formed by linearly polarized light (right).

4.4.3DOPy VS CSLO Images

The Stokes vector reconstruction (SVR) method also yielded expected improved images
when compared to raw CSLO images (no augotrasting). For the DQPimage, a significant
linear relationship between percent increase in entropy andagypot seen at the LC depthH
0.16, R? = 0.21) but was observed at the RNFL deths (0.046,R? = 0.37) (figure 4.15). A
linear relationship with age is expected as demonstrated by Bueno et al. [Bueno 2008]. The mean
of the value at the LC depth wagrsificantly above zerop(= 0.03, one sidedtest). The mean
of the value at the RNFL depth was not significantly above zerd)(052, one sidedtest).
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DOP,, Entropy Images VS Best CSLO Images
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Figure 4.15: Percent improvement of DOR; images over the best CSLO images as
measured by entropy at the LC (left) and RNFL (right) depths. The fit shown on the left is
not significant and that on the right is significant.

In terms of SNR, the DQPimages showed no sidicant linear relationship with age at the
LC depth p = 0.81,R? = 0.007) or the RNFL deptlp(= 0.12, R* = 0.25) (figure 4.16). The
mean values at the LC and RNFL depths were significantly below perd® (02, and p=0.001,

one sided-test).

DOP,, SNR Images VS Best CSLO Images
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Figure 4.16: Percent improvement of DOPM images over the best CSLO images as
measured by SNR at the LC (left) and RNFL (right) depths. Fits shown are not significant.

87



When compared to the best agtintrasted CSLO images, no significant linear relationship
between percent increase in entropy value for p@Rd age at the LC depth € 0.66,R* =
0.02) or the RNFL depttp(= 0.23,R? = 0.15). The mean of the value at 1t@ depth was not
significantly below zero = 0.06, one sidedtest). The mean of the value at the RNFL depth

was significantly below zer@(E 0.02, one sidedtest).

DOP,, Entropy Images VS Best Auto-Contrasted CSLO Images
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Figure 4.17: Percent improvement of DOR, images over the best aut@ontrasted CSLO

images as measured by entropy at the LC (left) and RNFL (right) depths. Fits shown are

not significant.

Against autecontrasted images, no significaimtdar relationship with percent increase with
SNR at the LC deptip(= 0.08,R* = 0.30) was found but the data does show a significant linear
relationship with a decline in performance with age at the RNFL depthQ(03,R? = 0.40)
(figure 4.18). The man of the value at the LC depth was significantly below zero @.0001,
one sided-test) as was the mean of the value at the RNFL deptl0(0001, one sidedtést).
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DOP,, SNR Images VS Best Auto-Contrasted CSLO Images
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Figure 4.18: Percent improvement of DOR, images over the best aut@ontrasted CSLO
images as measured by SNR at the LC (left) and RNFL (right) depths. The fit shown on the

left is not significant and the one on the right is significant

4.4.4 VS CSLO Images

As expected (Bueno, 2008)y Bnage quality quantified with entropy showed a significant
improvement over the best CSLO images. No significant linear relationship was found at the LC
depth p = 0.19,R? = 0.19) but was found @te RNFL depthg{ = 0.04,R? = 0.39) figure 4.19).

The mean of the value at the LC depth was significantly above zer6.0L, one sided-test) as
was the mean of the value at the RNFL depth 0.02, one sidedtest).
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S, Entropy Images VS Best CSLO Images
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Figure 4.19: Percent improvement of $ images over the best CSLO images as measured by

entropy at the LC (left) and RNFL (right) depths. The fit shown on the left is not significant

and the one on the right is significant.

The data shows no significant linear relationship between percersisecre SNR and age at
the LC depth| = 0.24,R? = 0.15) but does show a significant linear relationship with decline in
improvement for the RNFL depth images with age 0.03,R? = 0.42) figure 4.20). The mean
of the value at the LC depth was sigrafitly above zerop(= 0.006, one sidedtest). The mean
of the value at the RNFL depth was not significantly above zerd)(63, one sided-test).
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S, SNR Images VS Best CSLO Images
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Figure 4.20: Percent improvement of $images over the best CSLO images as measured by

SNR at the LC (left) and RNFL (right) depths. The fit shown on the left is not significant

and the one on the right is significant.

When compared to the best agtintrasted CSLO ingges, entropy showed no significant
relationship with age at the LC depih£ 0.43,R* = 0.07) or the RNFL depttp(= 0.56,F =
0.04) (figure 4.21). The mean of the value at the LC depth was not significantly above zero (
0.69, one sided-test) norwas the mean of the value at the RNFL deptk 0.13, one sided-t
test). The power was substantially below the desired value of 0.8e3t® unlikely to detect a

difference when one actually exists.
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S, Entropy Images VS Best Auto-Contrasted CSLO Images
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Figure 4.21: Percent improvement of $ images over the best aut@ontrasted CSLO images
as measured by entropy at the LC (left) and RNFL (right) depths. Fits shown are not

significant.

When compared to the awtontrasted CSLO image, there was a significant linear
relationship of percent change in SNR value and age with a decline in improvement at both the
LC depth p = 0.03,R? = 0.44) and the RNFL deptip € 0.01,R? = 0.52) figure 4.22). The
mean of the value dhe LC depth was significantly below zeq< 0.0001, one sidedtést) as
was the mean of the value at the RNFL depth 0.0001, one sidedtést).
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S, SNR Images VS Best Auto-Contrasted CSLO Images
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Figure 4.22: Percent improvement of § images over the best aut@ontrasted CSLO images
as measured by SNR at the LC (left) and RNFL (right) depths. Both fits shown are
significant.

Sample DOR and $ images can be seen in figure 4.23. Note that best entropy and SNR

images for original and avtontrasted CSLO images can be seen in figure 4.8.

E=39402

Figure 4.23: DOPy image (left), and S image (right).
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4.4 5Auto-Contrasted MMR Inputs Increase max SNR and Entropy Values

An important sideeffect to the reassessment of MMR was that inputting-eomdrasted
CSLO images into the MMR algorithm, in the majority of cases, improved the SNR and entropy
values ofthe max SNR and max entropy images compared to those generated when the original
CSLO images were inputted. Below is a graph showing the differences between the two sets of
reconstructed imagefidure 4.24) for the two different inputs.
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Figure 4.24: Performance increase of the max entropy image produced by MMR when
inputting auto-contrasted CSLO images instead of original CSLO images. The increase in
performance was not gnificantly greater than zero (p = 0.06).

The metric value of entropy was not always increased when inputtinganiti@asted images
compared to the result against original images but the mean value was increased insignificantly

by 4% across ajparticipants (p = 0.06). This might become significant with more subjects.
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The SNR value was always increased when inputting-@uttrasted images instead of the
original images and the mean value of SNR was increased significantly by 53% across all
paticipants (p < 0.0001) (figure 4.25).

Percentage Improvement in SNR of the MMR
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Figure 4.25: Performance increase of the max SNR image produced by MMR when
inputting auto-contrasted CSLO images instead of original CSLO images. Thecrease in
performance was significantly greater than zerogf < 0.0001).

4.4.6 Average Image Quality Improvement

When quantified with entropy, the average percent change in image quality achieved by the
Mueller matrix reconstructed image when comparethe best CSLO image fell significantly
from 158% to 11% when the input images were @atatrasted (figure 4.26). A paireddst of
percent increase in entropy value compared with bestcauivasted and best original CSLO
images failed a normality $& A signed rank test was performed instgack (0.001). When

compared to the linearly polarized CSLO image, the percent change in entropy dropped
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significantly from 454% to 29% when the initial images were @oiatrasted (figure 4.26). A
paired ttest d percent increase in entropy value between using-@uttrasted and original
CSLO images formed by linearly polarized light failed a normality test. A signed rank test was
performed insteadp(< 0.001).
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Figure 4.26: Average percent increase in entropy value of MMR images when using
original (black) and auto-contrasted (grey) CSLO images. Error bars shown are standard
deviations of the percent increase in entropy ae across all participants.

The average image quality improvements for SVR were mifigdré 4.27). In terms of
entropy, the average value of percent change across all participants dropped significantly from
71% to-13% for the DOR image when autgontasted images were used in place of the
original images. A pairedtest of percent increase in entropy value between bestantmsted
and best original CSLO images failed a normality test. A signed rank test was performed instead
(p < 0.001). For the Simage, the percent change in entropy value dropped significantly from
119% to 7% when compared to best atwotrasted CSLO images instead of best original CSLO

images. A paired-test of percent increase in entropy value between h#sicantrasted and
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best original CSLO images failed a normality test. A signed rank test was performed ipstead (
0.001).

Average Percent Increase of Entropy for SVR
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Figure 4.27: Average percent increase or deci@Ese in entropy value of SVR images when
compared to original (black) and autecontrasted (grey) CSLO images. Error bars shown
are standard deviations of the percent change in entropy value across all participants.

When quantified with SNR, MMR performaakry well figure 4.28). In fact, it can be seen

that the percent possible improvement of image quality was being underestimated when using
original CSLO images instead of attontrasted CSLO images.
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Figure 4.28: Average percent increase in SNR value of MMR images when using original
(black) and auto-contrasted (grey) CSLO images. Error bars shown are standard
deviations of the percent increase in SNR value acse all participants.

When compared with the best CSLO image, average percent increase in SNR value increased
significantly from 4% to 5% when inputting autontrasted CSLO images instead of original
CSLO imagesA paired ttest of percent increase émtropy value between best atontrasted
and best original CSLO images failed a normality test. A signed rank test was performed instead
(p = 0.002).When measured against the linearly polarized CSLO image, average SNR values
increased significantly from0% to 12% when inputting autmntrasted CSLO images instead
of original CSLO imagesA paired ttest of percent increase in SNR value betwasalts with
autocontrasted and original CSLO images formed by linearly polarized light failed a normality
ted. A signed rank test was performed instgag 0.001).
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Figure 4.29: Average percentchangein SNR value of SVR images when compared to
original (black) and auto-contrasted (grey) CSLO images. Error bars shown are standard
deviations of the percenthangein SNR value across all participants.

When compared to the autontrasted image, averagercent decrease in SNR for the DOP
image dropped from13% to-51% when compared to the best actmtrasted CSLO image
instead of the best original CSLO image<(1 x 10°, paired #test) figure 4.29). The average
percent change in SNR of theiBagefell significantly from 7% to-41% when compared to the
best autecontrasted CSLO image instead of the best original CSLO inpegé & 10°, paired
test).

4.4.7 Correlation between Autecontrasting and Entropy Image Quality Improvement

A particulaty interesting result, when comparing performance of original and- auto
contrasted images, is the disappearance the increase of the percentage change in entropy with age
which was seen in entropy measurements of both Mueller matrix and Stokes vector

reconstuction which is seen when original images are inputted. The reason MMR using entropy
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shows increased performance with age when compared to original images (rotrdtasted)
may be due to the fact that image quality diminishes with age [Fujikado,,ZR04ddda, 2002]
often resulting in darker, lower contrast images. Since older participants produce darker images,
there is more room in terms of the dynamic range of the pixel intensity for theatast to

effectively improve image quality.

Percent Increase in Entropy VS Percent Increase in
Pixel Value of CSLO Images when Auto-Contrasted
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Figure 4.30: Correlation between percent increase in entropy of an image versus the
percent increase in max pixel value of the same image when that image is aotmtrasted.
A significant cubic fit is shown (p < 0.0001, R= 0.9762).

To demonstrate this, consider the given graph of percent increase in entropy versus percent
increase in pixel value when each image of the 176 CSLO images used in this study is auto
contrastedf{gure 4.30). When fit with a cubic polynomial, the correlation is strongly significant
(p < 0.0001,R = 0.9). The R value for a fit to a cubic term is greater than ties&ue for the
linear fit. The fit verifies that the more space there is to adntras an image, the greater the

increase in that i mageds measured entropy
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absolute difference in entropy value versus the absolute difference in pixel value when each
image is autaontrasted of all 176 imageldure 4.31). A significant relationship is observpd (
< 0.0001R = 0.M).

Difference in Entropy Value Versus Difference in Pixel Value
of CSLO Images When Auto-Contrasted
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Figure 4.31: Difference seen in entropy value versus the difference in pixel value of an
image when it is autecontrasted. The fit shown is significant.

This graph shows that for some images, the increase in entropy can be near 40000 when an
image is autecontrasted with a mean entropy increase of 13944. This is substantial as the best
CSLO mage across all 176 images has an entropy valdd4l with a mean of 25917 across

all images.

Next, consider figure 4.32 which shows the significant decrease withpage® 01, R? =
0.59) of the mean maximum pixel values averaged over across theat)és acquired from each
of the 11 participants. Recall that each participant had 4 images acquired for MMR and 4 images

acquired for SVR at 2 imaging depths. This gives each participant a total of 16 CSLO images.
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Participants Mean Maximum Pixel Value VS Age
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Figure 4.32: Mean maxi mum pixel value taken across
as a function of age. The fit shown is significant.

This graph shows a clear decrease is the average maximum pixehsalge increases. This
leaves more dynamic range for an acbmtrasting to stretch the pixel values up to the maximum

value of 255, allowing autoontrasting of images to raise entropy values considerably with age.

Next, consider a plot of the mean chaimgpixel value when an image is attontrasted as a
function of age figure 4.33). This graph shows a significant correlation in the increase in pixel

value when an image is autontrasted as a function of age=(0.02,R? = 0.48).
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Mean Change in Pixel Value VS Age
when an Image is Auto-Contrasted
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Figure 4.33: Increase in mean maximum pixel value when an image is auttontrasted as a
function of age. The fit shown is significant.

Finally, consider a plot of the mean changeabsolute entropy value as a function of age

when an image is awmontrastedfgure 4.34).
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Mean Change in Absolute Entropy Value VS Age
when an Image is Auto-Contrasted
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Figure 4.34: Increase in mean maximum pixel value when an image is auttontrasted as a
function of age. The fit shown is not significant.

The evidence for a mean increase in entropy value when an image -soatrasted as a
function of age is not conclusive, the correlation is not signifiqart@.08,R* = 0.30). A larger
sample size may make this correlation significant since the power of this test was not high. In

order to reach significance (power of 0.8), the sample size is estimated at 24 participants.
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4.4.8 DOP*S and DORy Comparison

Both the DOR, and DOP*S0 images produced similar SNR and entropy valigese 4.35)
as expectedequation 4.18 The DOR; image when quantified yielded an SNR value of 1.74
while the DOP*G image gave a value of 1.78. In terms of entropy, RQ&ve a value of 29435
while the DOP*g had a value of 27704. Therefore the performance of the two processing
algorithms is similar and which image improves image quality the most is dependent on the
metric chosen to quantify it.

i ;. SNR=1.784
E=29435 . E=27704

Figure 4.35: DOPy image compared to DOP*3image with SNR and entropy values.

4.5 Conclusions

Previaus reports of these techniques applied to retinal images by Bueno et al. (2007, 2009b)
and the image quality improvements quantifted entropy and SNRRave shown increases in
image quality using both metrics. It was also concluded that betan& DOR; showed
increased image quality with affueng 2008], although further analysis has shown borderline
significance for the participants in that study (personal communication). The increase in image

quality of SO and DOP with age shown here was initially thought to be due to the methods
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countering thelegradation of image quality caused by increasing scatter with age [Bueno, 2008].
It may also be due to adjacent structures having differing depolarising [properties which are
known to increase with age. In this work, original CSLO images (notcautested) were

input into MMR and SVR enhancement algorithms and showed results similar to previous
studies. As expected, reconstructed images from MMR and SVR showed strong improvements
over the originals and dependence with age (in terms of entropy) thit beogreatly beneficial

to images of eyes in the aging population. Because of the low poiwdre test formean
improvements of DOR and $ as a function of age when original images are inputted, the

sample size should be increased.

The MMR calculatiomormalizes images at the end of the algoritAine SVR calculation
normalizes $and stretches;SS,, S using themaximumpixel value across the entirg ifhage
and autecontrasts DOR at the end of the algorithm. By normalizing the input images, one
compensates for the reduced dynamic range in some of the images in the top row of the Mueller
matrix and the reduction in the dynamic range of these images as a function of age. This
compensation is not possible when calculating an explicit polarization prdjiez DOP or %)
as the absolute relationship between intensity values for different Mueller matrix elements is lost.
However, Buenoods S V Rcontadstgdo PGPt ahdpImagese wWhe autbu t o
contrasting of the input images allowed a more diceatparison of their image quality and that
of the final images which had been either attatrasted (SVR) or normalized (MMR).

In terms of image quality quantified by entropy, Mueller matrix reconstruction reconstruction
significantly improved image qudl of an average of 11%hen compared to autmntrasted
CSLO images: When compared to linearly polarized agtntrasted images, MMR showed a
larger significant improvement of 29% in image quality. MMR reconstruction with- auto
contrasted images sometimproduced better and sometimes worse results than MMR with the
original CSLO images. As far as possible, the dynamic range of the images should be increased

when they are collected by increasing the incident light intensity.

The usefulness of Stokes vectreconstruction in terms of entropy when compared with
autocontrasted input images was not obvious with the fp@fage having a negative average
percent change for RNFL images and a borderline percentage change for LC images when

measured by entropy. €hentropy of the §image had a nesignificant percentage change for
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both LC and RNFL images when compared to aatotrasted initial images. This puts Stokes
vector reconstruction at a significant disadvantage when compared to Mueller matrix
reconstructn as each image would need to be checked to ensure that the final result is actually
an improvement in image quality. In addition, SVR images always have reduced intensity versus
images taken without an analyzéfowever Both DOR, and $ images still hag value as an
image quality improvement technique, still improving image quality for some participants. Any
improvement of image quality in entropy should not be ignored as studies have shown that
clinician image preference correlates with images withdngmtropy values [Hutchings, 2006].

In terms of SNR, MMR images when compared with axgntrasted images showed a small
significant increase in image quality enhancement while p@fRd $ showed a significant
decrease in image quality for the both the LC and RNFL images with a significant decline with
age for the §image when compared to autontrasted CSLO images. This is not surprising as
even before autoontrasting the CSLO imagesiofes vector reconstruction resulted in a
significant increases in image quality when quantified with SNR only §an&sured for LC

images.

Interestingly, MMR image quality enhancement showed an increase in absolute value of
entropy and SNR when autortrasted imagewereinput into the MMR algorithm compared to
non autecontrasted inputs for all participants for SNR and some participants for entropy. Mean
SNR was increased significantly from 1.39 to 2.13 across all participants. It is recommended that
the maximum SNR image always be found by inputting -aotdrasted CSLO images. Since
entropy did not always produce an increase in value, it is recommended thatxhmeum
entropy image be found using both original CSLO images andcautoasted imagesnd the
image resulting in the highest metric value be chosen. As a future recommendation, it would be
relevant to acquire imagasthe CSLO without holding the power constant at the eye but instead
always maximizing the dynamic range of the system {thatlways adjusting the power (within
the ANSI standard safety limits) so at least one pixel value equals 255 within the image). This
has the potential to produce even better results than inputting@uit@sting images as it will
produce a similar re#iuto autecontrasting but with small step sizes between pixel values (since
there is now no longer a need to stretch the pixel values from 0 to A8Wugh maximum

entropy images for both techniques produced image quality improvements, once MMR and SVR
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were assessed against aotmtrasted images, any sigodnt improvement found with age
disappeared. This is hypothesized to be due to a correlation found betweeonrdrasting and
entropy as a function of age. While there is evidence to supportiehisorrelation of the change

in entropy when images are awgontrasted as a function of age was not significart 0.08).

This suggests that the sample size needs to be increased to determine whether this correlation
exists. Using the original methaalithout autecontrasted CSLO images, MMR max entropy
images showed a significant increase in image quality with age when compared to the best
original image at the LC depth but not at the RNFL depth. When compared to the image formed
using linearly polaried light, the fit did not show a significant linear relationship with age at the
LC or RNFL depthsFor DOR, and 9, when compared to best original CSLO images, there was
no significant relationship between increased image quality and age at the LC degth b
significant relationship was found at the RNFL depth. Again, an increased sample size might

make the nossignificant fits significant.

The comparison of DQPand DOP*$ produced interesting results, D@Rielded a slightly
higher entropy value whilBOP*S, yielded a slightly higher SNR value. The crucial difference
between the two images is the scale fac’Sused in the DOf equation. Since this scale
factor lowered SNR but raised entropy, it would be worthwhile in future work to adjust this scale

factor to see how it affects both image quality metrics.

Although the data implies the dependence with age may no longer exastiparisons with
autocontrasted images, it may still be present with enough participants. Additionally, both
MMR and SVR polarimetry methods have been shown to be useful tools for image quality
improvement, particularly when quantified by entropy. MMR particular always produces
positive results and there is potential to gain even more improvement through maximizing the
dynamic range of pixel values during acquisition of imaggssti® showed improvement for
some participants as did DQRor entropybut effects need to be assessed on an image set by

image set basis as a percent increase in quantified image quality is not always observed.

108



Chapter 5 - Polarimetric Imaging of a Malaria Infected In Vitro

Retina

5.10verview
Mueller matrix polarimetrywas applied to imaging of malaria infected retinal vessels to

determine the retardance image of malaria infected retinal blood vessel imaged through a
confocal scanning laser microscope (CSLM) in an attempt to visualize hemozoin (a deposit of
the malarigparasite) within the vessel. Image quality enhancement techniques were applied to
the blood vessel and image quality improvement was quantified. Noise due to system vibration
and polarimetric effects of the imaging system affected the images advers#ig betardance
image still showed hemozoin qualitatively. Image quality enhancement techniques showed
average increases of metric value for both MMR and SVR and better visualization of the blood

vessel can be seen.

This data was previously presented by Belanie Campbell [Campbell, 2007]. | worked
with Paul Constantinou and Savvas Damaskinos of BPI to custom fit polarizing optics in their
CSLM and operated the imaging systemaligned and toggled the polarizers within the
MACROscope. | operated customftseare written by BPI to choose appropriate regions of
interest, laser frequency, and pinhole size along with Dr. Melanie Campbell during imaging
sessions. | also registered, processed, and analysed all data acquired from the system. Mueller
matrix and redrdance calculation software used in this work was written by Dr. Juan Bueno.

Samples were provided by Prof Valerie White.

5.2 Introduction

Malaria is a disease which has affected humanity throughout its historsarialhich in
I tali an me aowed ldnd efbre Bumans as enalaria parasites as old as 30 million
years have been found in fossilized mosquitoes discovered in amber deposits [Poinar, 2005].
Preventative measures through research, medicine and physical barriers have been investigated
for centuries. Currently used amtialaria drugs are losing their effect due to the very quick life

cycle and therefore rapid evolution of the parasite leading to drug resistance.

Malaria carrying mosquitoes have recently been eliminated from North Anzeric&urope

at high environmental cost by use of DDT and the draining of wetland areas. However, poorer
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countries still suffer immensely from the effects of malaria, particularlySaltaran Africa
where 90 percent of all malaria deaths occur. Malaria tafegproximately 500 million people
and kills about 1 million of those people every year, mostly young chil@nekel, 2007]. Due

to lack of funds, most suBaharan Africans are unable to afford anélarial drugs. Worse still,
people infected with mal& cannot work, further reducing the ability of the people to afford

treatment, creating a vicious cycle for poverty stricken nations.

There has been growing resurgence of malaria within North America due to high volumes of
travel and the mounting resiatee to antimalaria drugs [Kain, 1998]. Canada in particular has
seen a steady increase in the number of reported malaria cases and this is thought to be
underestimated because of many cases going unreported or misdiagnosed. With the number of
cases risingthere is a growing need for development of new diagnosis techniques for malaria,

even within safe regions like Canada and the United States.

Polarimetry has been shown to have potential for malaria parasite detection. Lawrence et al
showed birefringencedemonstrated in hemozoin (a -pyoduct of the consumption of
hemoglobin by the parasite) to be useful as a diagnostic tool for detection of malaria [Lawrence,
1986]. Romagosa used polarimetric techniques to increase the sensitivity of malaria detection
from just over 50% to 98.1% in placenta samples [Romagosa, 2004]. Beare et al showed the
potential for fundus photography to diagnose comatose children in Africa for severe malaria
cases [Beare, 2006]. In this chapter, | will demonstrate a polarizationigaehwith great
potential for severe malaria diagnosis that could hopefully eliminate the uncertainty as to
whether malaria has become cerebral. A polarimetric MACROscope is used to measure a high
resolution twedimensional Mueller matrix of a retinal spha known to have been contaminated
with cerebral malaria parasites. Before delving into the methods, it is important to understand the

life cycle of malaria and its relationship with the human body.

5.3 The Malaria Life Cycle

Malaria has a complicatedfdi cycle (figure 5.1). A female mosquito bites a human host
injecting sporozoites into the blood stream which make their way to the liver. In the liver, the
parasite infects and grows schizonts containing many merozoites, inside liver cells. The

schizontsexplode and release merozoites into the blood stream which in turn infect red blood
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cells. Once infected, red blood cells are called trophozoites. It is at this stage that hemozoin
becomes visible as the parasite consumes hemoglobin [Weatherall, 2002]cydlk repeats

with exponential growth as merozoites infect more red blood cells and eventually burst out of the
red blood cells to continue the cycle. In the blood infection stage, male and female gametocytes
are produced which are transferred to amiguited mosquito when it bites the human host. They
reproduce in the mosquito breeding sporozoites which are passed to a new human host from the

mosquitods salivary gland [ Weatherall, 2002]

There are actually four types of malaria varying in seriousness; plasmodium vivax,
plasmodium malariae, plasmodium ovale, and plasmodium falciparum. Plasmodium falciparum
is well known to be the deadliest form of the parasite with most infection and deated by
P. falciparum with the other forms rarely resulting in serious complications or death [Weatherall,
2002]. Reliable early diagnosis of the disease is extremely important so it can be treated properly

with antrmalarial drugs.
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Figure 5.1: Life cycle of malaria (image was released into the public domain by Center for
Disease Contro} http://phil.cdc.gov/phil/details.asp).

5.4 Diagnosis

The gold standard for detection is still a simple blood esnstide viewed with an oil
immersion white light microscope. Thin blood smears are used to assess which type of
plasmodium is responsible for the infection. This is important because as mentioned eatrlier, P.
falciparum is the cause of almost all deatlatesl to malaria. Thick blood smears are used in an
attempt to quantify the degree of infection by revealing an estimate of parasite density although
there have been some questions raised as to whether this method is accurate or if it actually

underestimats density [Bejon, 2006]. Thick smears are not used for identification of the parasite
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because the drying process of the blood can cause distortions in the morphology leading to
misdiagnosis.

Before reaching the point of a blood smear however, theré firatsde clinical suspicion of
infection. According to a Canadian study done by Kain et al, 59% of all reported malaria cases
were initially misdiagnosed by a physician. Sixteen percent of all cases needed to see 3 or more
doctors before a time consumib¢pod smear from the patient was implemented for a correct
diagnosis [Kain, 1998]. This clearly demonstrates the need for new and more efficient diagnosis
techniques not just within malaria zones, but around the globe.

5.5 Methods

5.5.1 The MACROscope

Polarization imaging was used to image entire slides of retinas flat mounted on a slide in a
CSLM MACROscope at Biomedical Photometrics, Inc. (BPI) in Waterloo, Ontaaa attempt
to visualize hemozoin in the sample tissue using polarimetric imagihghetfuture potential of
visualizing hemozoinin vivo using a retinal imaging system. The MACROscope itself is
fundamentally a confocal scanning laser microscope (CSLM) [Dixon, 2006]. The MACROscope
was chosen for this work because it has the ability to image entire slides at high resolution (0.5
el pixel ), up to 127 mm by 178 mm across. Nor I
many images are taken of various locations and they are dtitidgether using image
registration when processing the images after acquisition. Single image acquisition is particularly
beneficial to this work because being able to image the entire slide removes the need to search
for and locate the best area for inmag allowing for this to be done in the processing stage
(figure5.2).
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Figure 5.2: Image of a malaria infected retina taken on a Macroscope (left). Small ROI
taken after acquisition (right).

The MACROscpe also utilizes a number of scanning modes allowing for fluorescence,
reflection, transmission, differential phase contrast, and hyperspectral imaging. The unique wide
field imaging ability of the MACROscope has many potential biomedical and commercial
applications. It has been used to image live and fixed biological tissue samples to examine
cancerous cells, blood vessels, and tissue hypoxia (oxygen deprivation) [Wilson, 2005]. Dixon et
al showed its ability to acquire high resolution fingerprint imaigesh a variety of materials
[Dixon, 1995]. The devices are used in the imaging of lithologies in lake and ocean sediment
core samples. As well, higesolution imaging for microfossil detection has been explored
[Dixon, 2006]. The incorporation of polarinmg into microscopic imaging has been shown to

increase the contrast of images, improving quality [Oldenbourg, 1995].

Images could be taken with one of two detectors, one that samples the light reflecting back
from the sample and another that detects lighrismitting through the sample. Due to physical
limits within the system, Mueller matrix polarimetry could only be performed in reflection mode.
The MACROscopewas modified to fit a generator and analyzer unit into the pathway of a beam
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incident on the retinal sample for reflected polarimetric imaginght from a 638 nm laser
passes through a polarization state generator unit incorporated into the pathway collimated beam.
The light then reflects from a galvometer scanning mirror afatissed onto the sample through

a 50 mm telecentric lens. The perpendicular scan is accomplished by movement of the stage
holding the sample. After reflecting off of the sample and being descanned, the light passes

through the polarization state analymeit and is collected by a photodetector.

5.5.2 Polarimetry

Using this setup, 16 images corresponding to independent combinations of generator and
analyzer settings were acquired, registened the Mueller matrix was calculated. All 16 images
were takenat the same location on the same retina sample, positive for malaria. From the
Mueller matrix, the retardation of the sample was calculated at each registered pixel to examine

the potential birefringent properties of the sample.

Due to the massive size thfe images obtained from théACROscope a smaller preferred
section of the sample was chosen. A 1024x1024 (x5 mnf) section of the original sample

was cropped and registered.

In addition, using the methods outlined in section 4th&top row ofthe Mueller matrix of
the sample was used to find the output intensity imag8”(Sfor input polarization states

covering the Poincare sphere, using the equation:

P
, "YATQATO
a a a R NP
Y AT cQO i (5.1)
O Kl..
Recall that the variablesandiiar e swept through 5e steps, swe

all polarization states. The images yielding the highest values of entropy and SNR are labeled as
the best images and then quantitatively compared to original @8a@es using image quality

metrics SNR and entropy.

A subset of generator and analyzer positions also allowed for the calculation of the modified

DORy and $ images with the generator unit set-46° (circularly polarized light) and the
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guarterwave plae of the analyzer unit cycled through the four positigfs’, 0°, 30°, and 60°

producing the output Stokes vector and allowing the fp@#age calculation (see section 4.3.4).

Both MMR and SVR images were compared to the best@ritrasted image produtdy
the MACROscope.

5.5.3 Registration

To ensure the images are registered by rotation and translation, the best Canny filter from
Chapter 3vas usedeach image was rotated through Grbboth directions by steps of 0.and
through 15 pixels in all dections by steps of 1 pixel. This would move through an area of 31 by
31 pixels. For each step, the correlation function was calculated and the position yielding the

maximum crosscorrelation value was taken as indicating that the two images were regjister

From the registered images, the Mueller matrix of the sample was calculated at each pixel.
The spatially resolved retardaneas calculated for each pixel using the elements of the Mueller
matrix. When inspected, Mueller matrix elements can be used to infer some polarization
properties as well as being used to explicit]
crossedolarization image was also acquired to take advantage of the birefringent properties of

the hemozoin left behind by the malaria parasite.

5.6 Results

Displayed below (figure 5.3) are 16 0.25 fimages of the same vessel cropped from the 16

different polarization state images.
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Figure 5.3: Small section (0.25 mrf) of vessel from the retinal sample taken at 1 pt
resolution. In the top left corner of each image is the generator and analyzer setting,
respectively.

Note how the reflection of light from the sample varies due to the configurations of the
generator and analyzer units. In particular, notice how the signal level of the vessel and tissue

vary relative to each other from image to image.

After registration, the Mueller matrix of the sample was calculatgpiré 5.4). Due to
physical restrictions in the MACROscope system, it was not possible to quantify the polarization

within the imaging syem itself. The assessment of the machine characteristics (Bueno, 2000)
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required transmission mode but the spacing between the detector and the sample left no space for
the analyzer unit. This means that the resulting Mueller matrix represents the potariza

properties of the sample plus the MACROscope.
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5.6.1 Mueller Matrix

Figure 5.4: Mueller matrix maps of a small section (0.25 mr) of vessel from the retinal
sample taken at 1presolution.

From the Mueller matrix, the retardance map of the sample qualitatively shows the
birefringent properties of the hemozoin within the vessel. The noise in the image appears to
come from vibrational noise. Quantitative values cannot be given Hie values are affected by
the polarization properties of the imaging system and the noise. However, the retardance map
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still demonstrates the large relative difference between the retinal tissue and the hemozoin
displayed assumed to be the dark spatsd within the blood vessdidure 5.5).

Figure 5.5: Total retardance map calculated from the Mueller matrix.

5.6.2 Crossed Polarizer Results

Under the crossed polarization setup, we were able to ibiegfeangent hemozoin on a dark

background (figur®.6).
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