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ABSTRACT 

Glaucoma is a set of diseases that cause optic nerve damage and visual field loss. 

The most important risk factor for the development of glaucoma is elevated intraocular 

pressure. One approach used to alleviate the pressure increase is to surgically install 

glaucoma implants. 

Optical coherence tomography (OCT) is an imaging modality capable of 

acquiring cross-sectional images of tissue using back-reflected light. The images have a 

resolution of 10-15|j,m, and are thus best suited for visualizing tissue layers and 

structures. OCT images of some tissue types have few or no features in this size range 

but display a characteristic repetitive structure due to speckle. The purpose of this 

research was to show that OCT is capable of visualizing tissue changes, such as those 

associated with a healing response to glaucoma implants. 

A new OCT handheld probe was developed to facilitate in vivo imaging in rabbit 

eye studies. The OCT probe consisted of a mechanical scaffold designed to allow the 

imaging fiber to be held in a fixed position with respect to the rabbit eye, with minimal 

anesthesia. A piezo-electric lateral scanning device allowed the imaging fiber to be 

scanned across the tissue so that 2-D images may be acquired. 

Preliminary analysis of OCT images of two types of glaucoma implants indicates 

that OCT can visualize the development of fibrous encapsulation of the implant, tissue 

erosion and tube position in the anterior chamber. The application of statistical and 

spectral texture analysis techniques was investigated for differentiating tissue types based 

on the structural and speckle content in OCT images. Excellent correct classification 
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rates were obtained for images of tissues and tissue phantoms that had slight visual 

differences and reasonable rates were obtained with nearly identical-appearing images of 

tissues and tissue phantoms. 

This study shows that OCT is capable of visualizing structural changes, associated 

with the healing response, on the order of tens to hundreds of microns. OCT also shows 

promise in being able to detect sub-resolution tissue healing response changes, by 

quantifying the changes in the speckle seen in OCT images, using texture analysis. 
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CHAPTER 1: INTRODUCTION 

1.1 MOTIVATION 

Glaucoma is a set of diseases that cause optic nerve damage and visual field loss. 

These diseases represent the third leading cause of vision loss in the United States in 

adults 40 years and older, with an estimated 2.2 million people currently afflicted [1-1]. 

There are two main types of glaucoma: open angle glaucoma (OAG) and angle closure 

glaucoma (ACG). OAG is characterized by a clogging of the eye's drainage canals, the 

Canals of Schlemm. Once the canals become obstructed they are no longer able to 

effectively drain the excess aqueous humor produced by the ciliary body, causing a slow 

intraocular pressure increase. This causes a slow pressure build up. ACG, also known as 

acute glaucoma, occurs in individuals that have a small or narrow angle structure of the 

eye. In these patients, a large dilation of the iris can cause the outer edge of the iris to 

fold over and cover the entrances to the Canals of Schlemm, causing an acute pressure 

increase within the eye. 

There are several risk factors that can make an individual more susceptible to 

developing glaucoma. It has also been shown that non-white race had a significant 

association with blindness in patients treated for OAG [1-2]. Other studies have shown a 

correlation between myopic eyes and glaucoma [1-3]. One of the most important risk 

factors for the development of glaucoma is elevated intraocular pressure. Filtration 

surgery, or creation of a fistula near the limbus, can reduce the intraocular pressure but 



carries long-term risks of infection. The implantation of various types of tubes with 

drainage reservoirs has been used in eyes with pre-existing scarring or that are felt to be 

at high risk for failure of trabeculectomy. However, implants carry the risk of serious 

complications including hypotony, serous and hemorrhagic choroidal detachment, tube 

and plate avulsion, tube exposure, and corneal endothelial damage [1-4, 1-5,1-6]. A 

problem that occurs in almost 20% of the currently marketed devices is that the tissue 

that forms over the surface of the device contains a high percentage of fibrous proteins. 

These proteins stimulate the formation of a fibrous capsule around the device. This 

capsule eventually becomes impervious to the aqueous draining from the eye and the 

intraocular pressure can no longer be reduced [1-7]. 

The implantation of these devices is usually a secondary option for the ophthalmic 

surgeon. Due to the formation of the fibrous capsule, the prognosis for the eye after 

failure of the seton is poor. The development of a glaucoma drainage device with fewer 

side effects, and the ability to resist encapsulation, would improve the quality of life for a 

large segment of the population. 

Seton complications are related to the healing process of glaucoma implants, 

which is poorly understood. Currently, this response is followed by implanting a given 

device in multiple animals for various time periods, then harvesting the implant and 

surrounding tissue for histological processing and evaluation. The development of an 

accurate, non-invasive means of evaluating the eyes healing response to glaucoma 

implants could lead to a more effective implant device as well as have a positive clinical 

benefit during the follow-up of implant patients. 
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1.2 SPECIFIC AIMS 

This dissertation has five specific aims directed at analyzing the ability of optical 

coherence tomography (OCT) to evaluate the state of tissue during a healing response to 

glaucoma implants, including: 

1) Develop hardware modifications to facilitate in vivo imaging of rabbit eyes. 

2) Demonstrate the ability of OCT to track the healing response through a time series of 

OCT images in rabbit eyes with glaucoma implants by monitoring physical features. 

3) Develop a texture analysis program for differentiating tissue types in OCT images. 

4) Analyze effects of scatterer properties on speckle in tissue phantoms. 

5) Quantify the effectiveness of texture analysis of OCT images for differentiating tissue 

type based on speckle content. 

1.3 DISSERTATION OVERVIEW 

This dissertation begins with background information on glaucoma as well as 

information about some of the currently used methods to treat patients with glaucoma. 

The principles of the OCT system used to non-invasively image tissue samples will be 

discussed, as well as a description of the tissue-dependent speckle artifact 

characteristically seen in OCT images. Finally, a description of the texture analysis 

techniques and classification algorithms used to differentiate tissue types based on 

speckle patterns will be given. 

The next four chapters discuss studies performed using non-invasive imaging and 

image analysis techniques to further the overall goal of non-invasively evaluating the 
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healing response of the eye to glaucoma implants and to meet the five specific aims of 

this dissertation. A study evaluating OCX's ability to visualize gross changes in rabbit 

ocular tissue, associated with healing, is described in chapter 3. A handheld probe for 

imaging rabbit eyes was developed, and OCT demonstrates the ability to visualize sub

surface structures and anomalies, such as fibrotic scar tissue development and fibrin 

accumulation in the tube, that are difficult or cannot be seen with the unaided eye. This 

first study addresses specific aims 1 and 2. 

The feasibility of tissue classification based on speckle content in OCT images is 

discussed in chapter 4 and addresses specific aims 3 and 5. An OCT system with a center 

wavelength of 1310nm with a 49nm bandwidth is used to collect 1mm x 1mm (256 x 256 

pixel) images of various mouse and bovine tissues. Spatial gray level dependence matrix 

(SGLDM) and 2-D FFT filters are then applied to 64x64 pixel regions images to calculate 

feature values. Databases of feature values from the various tissues were compared to 

see how well they could be classified. The results showed that these texture analysis 

techniques could be applied to OCT images to differentiate tissue types without reliance 

on visible structures in the image. 

Chapter 5 addresses specific aims 4 and 5 and describes a quantitative study 

analyzing what types of changes in tissue will create changes in OCT speckle patterns 

that can be classified using texture analysis techniques. Two types of tissue phantoms 

were created in this study. The first type was composed of various sizes and 

concentrations of silica microspheres suspended in gelatin. The second type of tissue 

phantom was made using various concentrations of bovine aortic endothelial cells 



(BAEC) in collagen. This study showed that texture analysis techniques, on OCT 

images, were sensitive to changes in both size and concentration of scatterers in tissue. 

Other technology contributions, including OCT image visualization/manipulation 

software and classification software, are discussed in chapter 6. ImageChunker was 

written to help solve the problem of performing texture analysis on OCT images of 

tissues with irregularly shaped layers and inhomogeneous tissue content. This program 

allows the user to open/manipulate/save OCT images in many different formats as well as 

easily crop/save selected regions of the image for further processing. The Round-Robin 

classification software was written to classify databases of texture analysis features 

derived from OCT images, but was written as a general classification algorithm to 

classify databases of any feature type. 

The final chapter of this dissertation summarizes the findings and conclusions of 

the studies, as well as possible future directions of research. 
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CHAPTER 2: BACKGROUND 

2.1 OVERVIEW 

The healing response of the eye to glaucoma implants is a limiting factor in the 

effectiveness and longevity of the performance of these pressure-relieving implants. 

Non-invasive monitoring of this healing response can play an important role in 

determining why the devices fail, as well as give clues on how to improve them or trigger 

clinical intervention. This chapter begins with a background history of glaucoma 

implants and some of their shortcomings. Then, OCT is shown to be an ideal imaging 

modality for non-invasive imaging of these superficial implants. A description of optical 

coherence tomography (OCT) is given as well as a description of the tissue-dependent 

artifact in OCT images called speckle. The chapter concludes with a description of the 

texture analysis techniques used to attempt classification of tissue type in the OCT 

images. 

2.2 GLAUCOMA IMPLANTS IN THE EYE 

Glaucoma implants were originally designed as an end-stage treatment to relieve 

elevated intraocular pressures in complicated glaucoma cases. The use of implants to 

drain fluid from the anterior chamber was first proposed in 1912 [2-1]. Aqueous-venous 

shunts that drained the fluid from the eye directly into a small vein in the sclera [2-2] 

were also tried. Later developments modified this design to drain the fluid to a bleb. 
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where the fluid would be absorbed by the microvasculature of the eye. The Molteno 

implant was the first single-piece drainage design based on this idea. This design 

incorporated a silicon tube connected to a 135mm^ surface area polymer plate. A fibrous 

capsule forms over this plate to encapsulate the drainage bleb. Two important factors that 

determine the rate of fluid drainage are the size of the plate and the resistance to fluid 

transport out of the bleb. Several different types of implants have been developed in an 

attempt to improve this transport. The Ahmed implant is a modem device with a built-in 

valve to prevent hypotony immediately after implantation. The device is made from 

polypropylene plastic with a silicon drainage tube [2-3, 2-4]. 

Researchers have been working on developing implants made with expanded 

polytetrafluroethylene (ePTFE) at the University of Arizona (UA) and other institutions. 

In one study with a UA-designed ePTFE implant, the new implant presented an altered 

healing response, with a thinner and less dense capsule with 10 times the number of 

blood vessel profiles surrounding the device to absorb the drained fluid as compared to a 

Baerveldt style implant [2-5]. The ePTFE implant is constructed of two circular pieces 

of ePTFE (approximately 1.3 cm in diameter) sandwiched together and sealed around the 

edge. A silicon tube enters the implant between the two layers at one location and 

terminates within the pouch made by the two ePTFE disks. 

2.3 NON-INVASIVE IMAGING MODALITIES 

A non-invasive imaging modality with sufficient depth penetration and resolution 

is required to successfully evaluate the healing response of the eye to glaucoma implants. 
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Three non-invasive imaging techniques have been applied to the eye, which were all 

considered as candidates for this imaging study, including confocal microscopy, 

ultrasound, and OCT. Confocal microscopy has a high resolution (better than 1 i^m), but 

suffers from a short penetration depth of only a couple hundred micrometers. Generally, 

confocal microscopy also requires the use of an intravenously or topically applied 

fluoraphore to image tissue. Ultrasound has a much greater penetration depth than 

confocal microscopy, up to several centimeters, but lacks a sufficient resolution for 

imaging structural details in the thin tissues above and around the glaucoma implants. 

Even high-resolution ultrasound systems are limited in resolution to about 70|a.m. 

Optical coherence tomography (OCT) is a recently invented imaging technique 

that uses near-infrared light to create non-destructive, cross-sectional images. OCT's 

depth of penetration, approximately 2-3 millimeters, and its high resolution (5-20|am) 

gives it the ability to image down to the implant, visualize bleb formation, tube blockage, 

and tissue erosion, making it an ideal candidate for measuring the healing response in the 

eye. OCT research is fairly new, and few direct comparisons of OCT with other imaging 

modalities have been published. Using an OCT system similar to the one currently 

employed by the investigators, Brezinski et al. compared this imaging modality to high 

frequency (30 MHz) IVUS for in vitro atherosclerotic vessels. OCT was shown to have 

superior resolution (16 vs. to 110|am), dynamic range (109 vs. 43 dB), and ability to 

distinguish tissue layers [2-6]. OCT lacks the cellular-level resolution of confocal 

microscopy, but confocal was ruled out because it would not be able to image deep 
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enough to visualize an implant in vivo. For these reasons, OCT was pursued as the non

invasive imaging modality of choice for visualizing healing in glaucoma implants. 

2.4 OPTICAL COHERENCE TOMOGRAPHY 

Optical coherence tomography is an imaging modality, analogous to ultrasound, 

that images structures based on back scatter of light from index of refraction mismatches 

in the sample. Our OCT system uses light emitted from a broadband NIR light source 

coupled into one branch of a fiber optic Michelson interferometer, see figure 2.1. 

The light is split into two fibers using a 2x2 coupler, one leading to an optical path length 

modulated reference arm, and the other to an optical system that focuses and scans the 

light across the surface of the tissue [2-7]. Light reflected from the reference arm and 

backscattered by the sample is recombined within the 2x2 coupler. Interference fringes, 

see figure 2.2, are observed when the optical path length difference between light 

reflected from a surface or scatterer in the sample and reference arms are within the 

coherence length of the source. 

1 i310r 
ourc 

Reference Arm 

Sample Arm 

635 nm 
Source 

Figure 2.1: Schematic representation of an OCT system 
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Figure 2.2: Simulated interference pattern from a single reflective surface 

It is the full width half maximum (FWHM) of the envelope of the interferance fringes 

that defines the axial resolution of the OCT system. The theoretical resolution, coherence 

length of the light source U, for an OCT system is defined by the following equation: 

21n2 A' 

K h.A, 
(1) 

where X is the center wavelength of the light source and AA, is the bandwidth of the light 

source. Figure 2.3 shows a simple tissue model and a single OCT depth scan (a-scan) 

that is created by moving the reference mirror at a single lateral position. The a-scan 

shows three distinct interference fringes from the three tissue layer interfaces 

respectivley. The scarming optics of the sample arm then direct the beam to the next 
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lateral position where another a-scan is collected. A-scans are collected over the entire 

lateral range of interest. 

Reference 
Arm 

Sample 
Arm 

5^ 

+ 
Layer 1 

Tissue Layer 2 

Layer 3 

A-Scan 

Figure 2.3: Simple tissue model showing the resulting a-scan from a particular lateral position 

The a-scan is demodulated using either a lock-in amplifier or demodulating log amplifier 

to remove the high frequency carrier signal and leave only the envelope of the signal, see 

figure 2.4. 
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Figure 2.4: Raw OCT a-scan and versus demodulated OCT a-scan 

The individual demodulated a-scans are assmebled side by side to form the complete 

OCT image. Figure 2.5 shows an actual OCT image of a kiwi fruit and a single selected 

a-scan from the image. 
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Demodulated A-scan OCT Image 

Figure 2.5: OCT image of a kiwi ihiit and a single a-scan from that image. The a-scan was taken from the 

image at the location shown by the vertical line 

Real biological tissues, such as the kiwi fruit in figure 2.5, have many "tissue interfaces" 

or scatterers, so the a-scans are much more complex than then simplified tissue model 

shown in figure 2.3. 



2.5 SPECKLE IN OCT IMAGES 

The optical phenomenon known as speckle has been known and 

characterized for optically rough surfaces illuminated with coherent light for many years. 

Speckle in OCT images has recently been outlined by Schmitt [2-8]. In his paper, it is 

proposed that two types of speckle appear in OCT images. The first is due to interference 

from multiply scattered photons. This type of "chance" speckle is generally small, 

typically a single pixel wide, random, and can therefore be reduced by averaging. The 

second type of speckle results from interference of the wavefronts from multiple 

scatterers within the OCT focal volume and is typically much larger. 

Figure 2.6 shows how the interference fringes from two scatterers that are spaced 

closer than the coherence length of the light constructively and destructively interfere 

which results in a distorted fringe patter measured by the detector. This "inherent" larger 

speckle is constant from image to image at a given location. 
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Figure 2.6: Simulated speckle signal generated from interference fringes from two scatterers that 

are closer than the coherence length of the light. 

Figure 2.7 shows an OCT image of plain gelatin. The gelatin consists primarily 

of various molecular weight peptides of hydrolyzed collagen and thus contains no 

scatterers near the size of the resolution of the system. Any patterns or "structures" seen 

in figure 2.7 are from speckle created by the back scattering of light from the many tiny 

particles per volume element in the sample. Since animal tissue consists of many 

scattering structures (cell nuclei, mitochondria, cell walls, collagen, etc.) it is expected 
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that all OCT images of tissue (with exception of transparent fluid filled regions such as 

the aqueous humor) will exhibit speckle. 

Figure 2.7: OCT image of plain gelatin. 

Many OCT researchers consider speckle to be a source of noise due to its 

apparent degradation of image quality and visibility of boundaries. Several methods to 

reduce speckle in OCT images through hardware modifications and digital image post

processing have been published [2-9, 2-10,2-11]. Results from one such hardware 

method, known as angular compounding, can substantially increase image SNR and 

improve boundary detection by reducing speckle [2-9,2-10]. Adaptive filtering 

techniques have also been shown to be useful for enhancing layer boundaries in cartilage 

by reducing the effects of speckle [2-11]. However, I believe that speckle contains 

valuable information about the tissue type since it varies with the size and density of 
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scatterers in the sample. In some tissues, no apparent structures are visible at the 

resolution level of OCT (such as the gelatin image in figure 2.7, and as was discovered in 

the course of these studies, some of the tissues surrounding the glaucoma implants). 

Therefore speckle, using the texture analysis techniques described below, offers hope of 

identifying/classifying these tissues. 

2.6 TEXTURE ANALYSIS 

Texture in OCT images is a result of deviations or changes in intensity across the 

image caused primarily by speckle. If the intensity values of an image are viewed as 

elevations, then texture can be seen as a description of surface roughness [2-12]. A large 

body of literature already exists for many imaging modalities including texture analysis 

of ultrasound, MRI, CT, fluorescence microscopy, and light microscopy. Texture 

analysis from various imaging fields has been used to assess images of many biological 

tissues including eyes [2-13, 2-14], prostate [2-15], colon tissue [2-16], and chromatin in 

advanced prostate cancer tissue [2-17]. No previous literature exists on texture analysis 

of OCT images. 

The two types of texture filters evaluated in this study were spatial gray level 

dependence matrices (SGLDM) and 2-D Fourier spectrum distributions. The first set of 

features are the SGLDMs, or co-occurrence matrices [2-18, 2-19, 2-20]. The spatial 

gray-level dependence method is based on the estimation of the second-order joint 

conditional probability density functions, s^i,j\d, 6), for 6= 0°, 45°, 90°, and 135° [2-18]. 

Each sdi,j\d, 6) is the probability of a pixel with a gray-level value i being d pixels away 
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from a pixel of gray-level value j in the 0 direction. If the image contains L gray levels, 

then anLxL matrix, seQJld), 0<i<L, 0^<Z, can be created from se (i,j\d, 6), for each 

direction 6* and for a given distance d. Figure 2.8 shows an example 2-tone image and its 

corresponding SGLDM in four directions. 

d=l 0 = 0 

0 = 45 

d=l 

d=l 

0 = 9 0  

0= 135 

Figure 2.8; Simple 2-tone image and its corresponding SGLDM in the 0, 45, 90, and 135 degree 

directions. 

For example, the value of 3 in the (1,1) matrix element of the 45° SGLDM means that 

three times in the given image that a pixel with gray level 1 was a distance 1 away from a 

pixel of gray level 1 in the 45° direction. 

Five different features are calculated from each SGLDM. These features are a 

way of compressing the information contained in the SGLDM into a single value. The 

first feature, energy, places a higher weight on images that contain regular repetitious 

patterns. Entropy, in contrast, gives a higher weight to images that contain irregular 

random patterns. Correlation calculates the gray level dependence within pixels relative 

to one another. Local homogeneity gives higher weight to images with large regions of 
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similar gray level values, while inertia is higher in images with pixels frequently 

neighboring pixels with very different values (a salt and pepper appearance). The 

equations for the five features are given below: 

Energy = X Z J I (2) 
<=0 y=o 

i-l L-\ 

Entropy - g{i,j\d)\og{Sg{i,j\d)) (3) 
/=o y=o 

i-l L-\ 

S Z ~ ~ l^y (u J I d) 
Correlation = (4) 

L-1 L-1 
Local _ Homogeneity = ZZr-7—v I'') (5) 

(=0 ;=0 1 + 0 - y) 

L-1 L-

Inertia = X Z ~ ^ ('' JI (6) 
;=0 >=0 

where is the (/j)th element of the SGLDM for distance d, L is the number of 

gray-levels in the image, and where 

/ ^x=^^Sg{ i , j \d )  (7 )  
(=0 y=o 
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(9) 

L-\ L-l 

(10) 

These five features are calculated for each of the four SGLDMs (0°,45°,90°,135°) to 

give a total of 20 features. 

The second set of features was derived from the two-dimensional discrete Fourier 

transform (DFT) of the images. As seen in Fig. 2.9, the 2-D DFT can be divided into 

regions based on frequency content. In this case, four regions were chosen where the 

innermost region represented the lowest spatial frequency range and the outermost region 

represented the highest spatial frequency range. Square regions were used instead of 

circular ones for computational efficiency. The magnitudes of all the spatial frequencies 

in each region were summed up and divided by the total frequency magnitude content in 

the complex 2-D FFT. This gives the percentage contribution of each region to the 

frequency content of the 2-D FFT, creating four additional texture parameters. 

These 24 features can be used to classify or characterize tissues that do not show 

any remarkable structures or layers, based on the speckle in OCT images. 
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Figure 2.9: 2-D FFT. The four concentric rings represent the four frequency regions used as features in the 

texture analysis code. 
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CHAPTERS: USING OPTICAL COHERENCE 
TOMOGRAPHY TO EVALUATE GLAUCOMA SETON 

HEALING RESPONSE IN RABBIT EYES 

3.1 ABSTRACT 

Glaucoma is a set of diseases that cause optic nerve damage and visual field loss. 

A very important risk factor for the development of glaucoma is elevated intraocular 

pressure. One approach used to alleviate the pressure increase is to surgically place 

aqueous drainage devices. The goal was to evaluate the healing response to these 

devices using optical coherence tomography (OCT). 

A new OCT handheld probe was developed to facilitate in vivo imaging in rabbit 

eye studies. The OCT probe consisted of a mechanical scaffold designed to allow the 

imaging fiber to be held in a fixed position with respect to the rabbit eye, with minimal 

anesthesia. A piezo electric lateral scanning device allowed the imaging fiber to be 

scanned across the tissue so that 2-D images could be acquired. Two standard Ahmed and 

ten experimental ePTFE aqueous drainage devices were evaluated in this study in rabbit 

eyes. The devices were imaged with optical coherence tomography (OCT) at 0, 7, 15, 30, 

and 90 days after implantation. Histology was collected at days 7, 15, 30, and 90 and 

compared to the OCT images. 

Analysis of images indicates that OCT has the potential to visualize the 

development of fibrous encapsulation of the implant, tissue erosion, fibrin accumulation 

in the implant tube, and tube position in the anterior chamber. 
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3.2 INTRODUCTION 

Glaucoma is a set of diseases that cause optic nerve damage and visual field loss. 

One of the most important risk factors for the development of glaucoma is elevated 

intraocular pressure. These diseases represent the third leading cause of vision loss in the 

United States in adults 40 years and older, with an estimated 2.2 million people currently 

afflicted [3-1]. A more in-depth description of glaucoma and some of its secondary 

complications are given in chapter 1, section 1.1. The end-stage treatment for glaucoma 

typically consists of the implantation of a drainage device called a seton. These devices 

carry their own set of complications, however, that limit the effectiveness and longevity 

of their therapeutic value. An overview of the history of setons and a description of some 

commonly used models are given in chapter 2, section 2.2. 

OCT is a recently developed technique for obtaining detailed cross-sectional 

images of tissue [3-2]. OCT has been used to image tissues of the body, which can be 

accessed either directly or via endoscope or catheter, including skin [3-3], GI tract [3-4], 

oviduct [3-5], and aorta [3-6]. OCT has been used extensively by several research and 

clinical groups to image pathologies of the retina and to measure the anterior chamber of 

the eye [3-7]. For example, recently, an eight-frames per second system was developed 

to visualize the anterior chamber of the eye using a hand held OCT probe at 13 lOnm 

wavelength. The investigators were able to acquire clear, real-time images of the corneal 

epithelium, stroma, comea-sclera junction (CSJ), sclera, iris pigment epithelium, stroma, 

and anterior lens [3-8]. Another group was able to visualize the entire anterior chamber 

angle and identify the ciliary body through the sclera using a 13 lOnm source [3-9]. The 
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main goal of previous research using OCT in the eye was to image structures within the 

anterior chamber. The goal of this study was to monitor the change in the sclera and 

conjunctiva, as well as possible adverse effects in the anterior chamber, over time due to 

the healing response to glaucoma implants. 

Extensive literature searches lead to a belief that this would be a novel use of 

OCT. Preliminary studies performed in our lab using an existing table mounted system 

showed the feasibility of visualization of these implants using OCT; however, each scan 

lasted for approximately 40 seconds and required the rabbit be fully sedated. The first 

goal was to design and build a handheld OCT probe and a faster OCT system that would 

facilitate imaging rabbit eyes in vivo to minimize stress to the rabbits and to minimize the 

amount of sedation required to acquire images. The second goal was to use the OCT 

probe to acquire a time sequence of images to visualize the healing response of the eye to 

different types of glaucoma implants and to extract information related to tissue thickness 

and type around the devices. In this paper I present the results from this study. 

3.3 MATERIALS AND METHODS 

3.3.1 OCT System 

The OCT system used light emitted from a broadband source and a red aiming 

laser combined and coupled into one branch of a fiber optic Michelson interferometer. 

Light was split into two fibers using a 2x2 coupler, one leading to a scanning Fourier 

domain optical delay line that scanned in depth, and the second to a probe that focused 

and scanned the light across the surface of the tissue, similar to a device previously 



described in the literature [3-10], Light reflected from the reference arm and 

backscattered by the sample recombined within the 2x2 coupler. When the optical path 

length difference between light reflected from the sample and reference arms was within 

a coherence length of the source (approximately 16)am) interference was observed. An 

AC coupled photovoltaic detector measvired interference fringe intensity. The detector 

output was demodulated to obtain a signal envelope proportional to the magnitude of 

backscattered light within the sample. The signal was digitized and processed via 

computer to form a two dimensional image of the tissue. Our system utilized an infrared 

broadband source (BBS 1310, JDS Uniphase, Ontario, Canada) (A, = 1300 nm, full-width 

half-maximum bandwidth 49 nm, 17 mW). The axial resolution of the system was 

approximately 16 ^m in air. The lateral resolution was set to 16 |xm at the focal depth by 

the sample arm optics. 

The sample arm was a custom built hand held probe that consisted of a 

mechanical scaffold designed to allow the imaging fiber to be held in a fixed position 

with respect to the rabbit eye, with minimal anesthesia, see figure 3.1a. 
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Figure 3.1a: Handheld OCT probe used to image rabbit eyes 

The probe was designed to meet the specifications that it be small and portable so 

that it could be brought to the eye of a comfortable, sedated rabbit. The design required a 

standoff support that could fit around the eye and rest on the surrounding bone structure. 

This standoff minimized user-induced motion artifacts. The probe optics needed to have 

a lateral and axial resolution of ~16|j,m. The fiber tip and lenses were anti-reflection 
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coated for 1310nm light to minimize detector noise due to back reflection of light. The 

mechanical scaffold was constructed from cage plate components from Thorlabs®. 

Custom machining of the cage plates was required to mount the piezo s-bender, fiber 

optic connectors, and electrical BNC cable. A z-axis translation stage was incorporated 

into the design to hold one of the lenses in the focusing system. This allowed the focal 

point in the tissue to be dynamically adjusted. Lateral scanning was achieved by using a 

piezo s-bender (L220-A4-503YS, Piezo Systems Inc., Cambridge, Massachusetts) to scan 

the light across the tissue, see figure 3.1b. 

Figure 3.1b: OCT probe schematic showing Piezo s-bender in three different lateral scan positions 

An s-bender piezo device was chosen due to its compact size and the fact that it kept the 

fiber tip pointing straight down for all lateral scan positions. The piezo device was 
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controlled with a high voltage amplifier that could output a voltage up to ±200 volts. 

However, the piezo could only accept a control voltage of ±90 volts. Therefore an over-

voltage protection circuit was constructed to protect the piezo from receiving too high a 

voltage in the case of user error in setting the controller's output threshold above ±90 

volts. The piezo s-bender provided us with a lateral scanning range of approximately 

1.25mm. Changes to the OCT system's existing software were made to correctly output a 

control signal from the DAQ card to the input of the piezo controller. An image 

consisting of 400 axial scans with 625 points per axial scan was acquired in 2s. 

3.3.2 Rabbit Studies 

This study was done with permission from The University of Arizona Institutional 

Animal Care and Use Committee (lACUC) and satisfies the Association for Research in 

Vision and Ophthalmology (ARVO) guidelines for experimental use of animals. Two 

different types of aqueous drainage devices were evaluated in this study, including the 

commercially available Ahmed implant, used as a control, and a new ePTFE based 

implant with a silicon tube. Six normal non-glaucomatous rabbits were given an implant 

in each eye in this study for a total of 12 implants. Two of these implants were Ahmed 

implants and ten were ePTFE implants. 

The devices were placed by making a small incision through the conjunctiva and 

Tenon's capsule. A pocket was formed at the superotemporal quadrant between the lateral 

rectus and superior rectus muscles by blunt dissection. The shunt was inserted into the 

pocket between the rectus muscles and sutured to the sclera. The tube was trimmed and 
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beveled; the anterior chamber was entered with a sharp 23-gauge needle, parallel to the 

iris. The drainage tube was inserted into the anterior chamber through the needle track 

and parallel to the iris. Due to the large size of the Ahmed implants, these implants 

tended to be placed closer to the limbus than the smaller ePTFE implants. The rabbits' 

eyes were photographed and imaged with OCT on days 0, 7,15, 30, and 90 after surgery 

to visualize the healing response as time progressed. 

The rabbits were given a half dose (0.5 ml/kg) of a general sedative rabbit mix 

(23.5% xylazine, 3.0% acepromazine, and 73.5% ketamine) each day imaging was 

performed to minimize motion artifacts in the images. Immediately before imaging was 

performed, 2-3 drops of 0.5% tetracaine hydrochloride was administered to each eye to 

provide anesthesia to the eye. This sedation protocol allowed for approximately 30 

minutes to acquire all of the images for one rabbit. Images were taken at several locations 

over the implant tube and the implant body. 

3.3.3 Histology 

One rabbit was euthanized for histology at day 7, one rabbit on day 15, two 

rabbits on day 30, and two rabbits on day 90. The eyes were fixed in an alcohol-based 

fixative, and standard histological processing was performed. The Ahmed implants were 

removed prior to paraffin imbedding due to the difficulty of sectioning such hard plastic. 

The tissue was then embedded in paraffin, cut into 6nm sections, and stained with 

hematoxylin and eosin (H&E) stain. Histologic evaluation of the rabbit eyes was 

performed and compared to the OCT images collected at the day of euthanasia. 
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3.4 RESULTS 

All of the images presented are 400X625 images acquired at 200 a-scans/sec. The 

intensity values are on a log scale. The images have a lateral scan range of 1.25mm and 

an optical depth of 2mm, which is approximately 1.4mm in tissue (with an assumed index 

of refraction of 1.4). The OCT images shown in this paper were selected because they 

are representative of the hundreds of OCT images taken in this study. Additional images 

are given in appendix B to provide an indication of the variety seen in this study. 

Figure 3 .2 shows a gross image of an Ahmed valve in the rabbit eye. 

Figure 3.2: Gross image of rabbit eye showing implant tube (T) and implant body (I). 
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The tube and implant body are identified in this image. For reference to later histology, 

figure 3.3 shows a histological view of normal rabbit eye tissue. The lacey stromal layer 

can be clearly seen below the thin epithelial layer and on top of the dense sclera tissue. 
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Figure 3.3: Histology of normal rabbit eye tissue. Healthy stroma (St) and scleral tissue (Sc) are 

shown with normal overlying conjunctival epithelium (E). 

Three phenomena were seen in the healing process to the implants: 1) tissue 

erosion, 2) fibrotic scar tissue development, and 3) the implant tubes filling with a 

backscattering substance identified as fibrin. Layer and structure development in the 
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tissue over the implant could also be seen over time. In addition to the healing response 

of the eye, the position and placement of the tube within the anterior chamber could also 

be visualized with OCT. 

3.4.1 Tissue Erosion 

An example of tissue erosion can be seen in the cross sectional image of the tube 

shown in figure 3.4, taken on day 7. The tube lumen is the black oval, with the tube wall 

being dark gray. The OCT image clearly shows that the conjunctiva is not covering the 

tube over the 12-3 o'clock position. Figure 3.5 shows histology taken at a location 

corresponding to figure 3.4, showing similar tissue erosion. 
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Figure 3.4; Cross sectional image of tube near comea-sclera junction in sclera at day 7. The lumen (L) 

appears to be clear of fibrin. There appears to be no conjunctival (C) tissue overlying the tube (T) in the 

12:00-3:00 region. 
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Figure 3.5: Cross sectional histology of tube (T) near comea-sclera junction in sclera at day 7 showing 

tissue erosion over the top of the tube. 

3.4.2 Scar Tissue Development Over Tube 

Figure 3.6a and 3.6b show an increase in signal of the tissue over and beneath the 

implant tube between day 7 and 15 in the OCT image that is consistent with the 

development of fibrous scar tissue. This trend was seen in both the Ahmed and ePTFE 

implants since they both use the same type of silicon tube. Buildup of dense tissue is 

consistent with the development of fibrous scar tissue found in the collected histology. 

Figure 3.6a shows a clear view of the basal membrane and the ciliary body. 
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3.4.3 Fibrin Accumulation 

Figures 3.6a and 3.6b show a cross-sectional sectional view of the tube at the 

corneal-sclera junction of the eye. At day 7 the tube lumen is clear but by day 15 the tube 

has started to fill with a substance that backscatters the OCT beam, assumed to be fibrin. 

Figure 3.6a: OCT Cross sectional image of tube near the comea-sclera junction in rabbit 3 at day 7. The 
overlying tissue is still lacey and non-fibrous. The basal membrane (B) can be seen here. 

Figure 3.6b: Cross sectional image of tube near the comea-sclera junction in rabbit 3 at day 15. There 
appears to be fibrin in the lumen of the tube and increasing dense tissue above and below the tube shown 

by the hyper-intense (H) regions. 
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3.4.4 Tissue Layering Over Implant 

Figures 3.7a-d show OCT images, taken in approximately the same location on 

the eye, of tissue structural development over an Ahmed valve on day 7, 30, and 90, and 

corresponding histology collected at day 90, respectively. Figures 3.8a-d show tissue 

organization around an ePTFE implant on day 7, 30, and 90, and the histology collected 

at day 90, respectively. 

Figure 3.7a: Edge of Ahmed valve implant at day 7. The beginning of fibrous capsule formation is seen 
above the body of the device underlying the normal stroma (ST) tissue. 



52 

Figure 3.7b: Edge of Ahmed valve implant at day 30. By day 30, the fibrous capsule (FC) has 
significantly thickened, while the normal stromal tissue (ST) layer has has thinned out. The beginnings of a 

fibrotic epithelial (E) layer can also be seen at this time point. 
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Figure 3.7c: Edge of Ahmed valve implant at day 90. The fibrous capsule (FC) has grown significantly, 
along with the fibrous epithelial (E) layer. The normal stromal (ST) layer continues to become thinner. 
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Figure 3.7d: Histology of Aiimed valve implant at day 90. Epithelium (E), stroma (ST), fibrous capsule 
(FC). 

Figure 3.8a: OCT image of Edge of EPTFE implant at day 7. 



Figure 3.8b: OCT image of Edge of EPTFE implant at day 30. 

Figure 3.8c: OCT image of Edge of EPTFE implant at day 90. 
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Figure 3.8d: Histology (H&E 4X magnification) of EPTFE implant at day 90. There is a thin 

fibrous capsule (FC) overlying the implant (I). The overlying stroma (ST) is relatively normal but the 

epithelium (E) shows some increased cellularity due to inflammation and scarring. The underlying sclera 

(SC) appears to be rather normal. 

3.4.5 Tissue Growth in ePTFE Implants 

Figures 3.9a-d show a histological time-sequence of the healing response of tissue 

to the ePTFE implants at day 7, 15, 30, and 90. 

3.4.6 Anterior Chamber 

Figure 3.10 shows an example image of the seton tube in the anterior chamber of 

the eye. In this location the tube is touching the iris but not the cornea. Our OCT has a 

limited field of view but it could scan the anterior chamber and visualize tube entry and 

position throughout the anterior chamber. 
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Figure 3.9a: Histology (H&E stain, mag=20X) of ePTFE implant showing vascular tissue growth into 
implant material (I) at day 7. The porous ePTFE material seems to be filled with lightly staining 

polymorphonuclearcytes and fibroblasts. 
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Figure 3.9b: Histology (H&E stain, mag=20X) of ePTFE implant showing tissue growth into implant (I) at 
day 15. There is increasing vacular ingrowth and integration of the material with the overlying tissue. The 

entrance of some lymphocytes, chronic inflammatory cells, and the formation of collagen (dark stained 
area) by the fibroblasts in the thin capsule above the ePTFE can be seen. 
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Figure 3.9c: Histology (H&E stain, mag=20X) of ePTFE implant showing tissue growth into implant (I) at 
day 30. Day 30 again shows increased connective tissue production spreading deeper into the ePTFE. The 

connective tissue in the fibrotic capsule has also increased its thickness from day 15. 

Figure 3.9d: Histology (H&E stain, mag=20X) of ePTFE implant showing tissue growth into implant (I) at 
day 90. Day 90 shows that connective tissue and collagen have infiltrated the full thickness of the ePTFE. 
The capsule has also become denser but is not as thick as the capsule surrounding the solid plastic Ahmed 

implants at the same time point. 
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Figure 3.10: OCT image shows the silicone tube (T) in anterior chamber of eye, below the cornea (C). The 
tube lumen appears to be clear and in contact with underlying iris. 

3.5 DISCUSSION 

3.5.1 Healing Response 

Tissue erosion over the implant tube is a concern with these devices in the eye. 

When the tube becomes exposed, the chance for post-operative infection is greatly 

increased. The erosion seen is independent of the type of implant used since they both 

used the same type of silicon tube and same surgeon. Figure 3.4 shows a cross sectional 

OCT image of an ePTFE implant tube at the CSJ at day 7 after surgery. This image 

shows the tissue over the tube eroding and the tube becoming exposed to the air. The 
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eroded tissue also appears to be highly attenuating in this image. Figure 3.5 shows the 

histology of the same area at day 7 confirming the OCT images. The actual tube material 

did not adhere to the glass slides so it was lost during the histology process. No images 

were available for this location immediately after surgery on day 0 because the tube was 

completely covered by a thick layer of inflamed conjunctiva tissue. However, visual 

observation at time of surgery showed the tube was completely covered by the 

conjunctiva. 

The normal healing response of the eye to silicon tubing material is first acute 

inflammation, which later develops into fibrotic scar tissue and a foreign body reaction. 

Scar tissue over the tube should not hinder the performance of the drainage device since 

fluid cannot filter through the silicon tube. I expect that the denser fibrotic tissue will be 

more highly back reflecting, due to increased collagen and connective tissue content, and 

appear as a hyper-intense region on the OCT image. In figure 3.6a, possible beginnings 

of scar tissue formation can be seen on the left-hand side of the tube. In figure 3.6b, a 

hyper-intense region surrounds the tubes. A thickening and brightening is particularly 

noticeable on the scleral side of the tubes. OCT system parameters, including focus 

location and source power, were kept constant from time point to time point, so I believe 

this increase in intensity is indeed a change in tissue properties. 

Fibrin buildup in the drainage device's tube over time is clearly shown in figures 

3.6a,b. This phenomenon is seen frequently in the OCT images of the tube but cannot be 

verified by histology due to the properties of the fluid and the limitations of histology 

techniques. Fibrin is a non-cellular protein component of blood and leaks into the 



aqueous humor from capillaries that become leaky in response to early inflammation 

from insults such as the tube entering the anterior chamber and rubbing the iris. It is not 

obvious whether or not the fibrin prevents the implant from properly draining the excess 

fluid build up in the eye associated with glaucoma because these were non-glaucomatous 

rabbit eyes. Intraocular pressures were measured at each time point and no significant 

deviations from the pre-surgery pressures were noted during the study. This was the case 

because the Ahmed implants contain a valve that is only opened if a certain intraocular 

pressure is reached, and the ePTFE implants have a lower porosity than similar setons so 

flow at low pressures was negligible. If the flow is reduced in a glaucomatous eye, the 

intraocular pressure can increase to pre-surgery levels, and disease progression could 

occur if this is not corrected. The fibrin generally appeared to increase in the tubes up to 

days 15 and 30 but appeared to dissipate from all but one implant by day 90. 

Figures 3.7a-c show an Ahmed implant at day 7, 30, and 90. Figure 3.7a at day 7 

shows a homogenous tissue covering the implant. Over time, it appears that tissue 

structures, or layers, formed over the implant. These layers can be visualized by OCT 

over the implant by day 30 and 90 in figures 3.7b-c. The histology collected at day 90, 

see figure 3.7d, clearly shows three distinct tissue layers that formed over the device. A 

thick layer of dense fibrotic scar tissue can be seen surrounding the area where the device 

contacted the tissue. It is this fibrotic layer that prevents fluid from leaving the bleb, 

rendering the implant incapable of draining the aqueous fluid to relieve the intraocular 

pressure. Above the scar tissue, the tissue appears to be relatively normal stroma tissue 

covered by a slight fibrotic tissue buildup in the epithelial side of the conjunctiva caused 
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by manipulation during surgery. The difference in relative tissue thickness seen in the 

OCT images versus the histology is probably due to different locations in the tissue being 

viewed. 

The hard plastic implant had to be removed from the tissue before the tissue was 

embedded in paraffin. As a result it does not show up in the histology, and it is also likely 

that some of the fibrotic capsule was removed along with the implant. OCT was able to 

visualize 3 distinct layers as well and some pockets of fluid that developed in the tissue 

on days 30 and 90. The fibrous capsule can also be seen separating from the implant, 

forming the fluid filled bleb. The small bleb that was forming was not grossly visible. 

This tissue separation, visualized by OCT, would be very difficult to show in histology 

even if the implant remained, because it could appear as a histology separation artifact. 

Because the tissue was dynamically evolving, and the near impossibility of imaging the 

exact same location on the implant, sequences of this type show variability in the layer 

thickness and exact intensity of the fibrous bleb capsule and the fibrous layer forming in 

the stromal-epithelium. However, in all cases, the fibrous bleb capsule layer appeared to 

increase in thickness over time, and the image texture changed from homogenous to 

horizontally layered, a texture associated, in our experience, with high collagen content 

tissues such as smooth muscle. 

Figures 3.8a-c shows OCT images of the edge of an ePTFE implant on day 7, 30, 

and 90. The ePTFE was designed to promote cell growth and vascularization to avoid 

encapsulation. In addition, the ePTFE material is highly scattering. This has the effect of 

giving the ePTFE implant optical properties similar to that of the surrounding tissue. 
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making it very difficult to distinguish in OCT images. Figure 3.8d shows the histology of 

the ePTFE implant collected at day 90. From the histology, it appears that the tissue that 

develops over the ePTFE implant more closely resembles normal healthy conjunctiva 

tissue than the thick scar tissue seen over the Ahmed implants. Only a thin layer of 

fibrotic tissue is seen. This gives the ePTFE implant the potential for a greater longevity 

of usefulness in aqueous drainage. It can also been seen from the OCT images that the 

tissue over the ePTFE implants does not go through the same texture changes that occur 

over the Ahmed setons. 

The cell/tissue growth in the ePTFE implants can be seen over time in histology 

figures 3.9a-d. A histology series is presented here to show a time series of how the 

ePTFE material promotes tissue growth. This example is given to highlight what OCT 

cannot show us, at least with current technology. At day 7 the porous ePTFE material 

seems to be filled with lightly staining polymorphonuclearcytes and fibroblasts. By day 

15 we are seeing the entrance of some lymphocytes, chronic inflammatory cells, and the 

formation of collagen (dark stained area) by the fibroblasts in the thin capsule above the 

ePTFE. Day 30 again shows increased connective tissue production spreading deeper 

into the ePTFE. The connective tissue in the fibrotic capsule has also increased its 

thickness from day 15. Day 90 shows that connective tissue and collagen have infiltrated 

the fiill thickness of the ePTFE. The capsule has also become denser but is not as thick 

as the capsule surrounding the solid plastic Ahmed implants at the same time point. 

OCT does have the potential for cellular-level imaging. For instance, Teamey et. al. [3-

11] showed that the presence of macrophages can be identified in OCT images of 
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coronary artery plaques. However, macrophages are unique in having a large size, 

distinct optical properties, and these cells were located close to the surface in an 

otherwise acellular matrix. Visualizing specific inflammatory cell types deep within 

healthy tissue presents a complex challenge. Improvements in broadband source 

technology, which will increase system resolution, or other approaches such as texture 

analysis [3-12], which is described in the subsequent two chapters, may assist in this 

endeavor. 

Figure 3.10 shows an image of the anterior chamber with the tube entering the 

chamber and resting on top of the iris. This could damage the vascular structures of the 

iris whose capillaries could be one of the sources of fibrin that collected in the tubes. 

While it is easy to see the lateral position of the tube with the unaided eye, OCT allows 

one to precisely measure the tube depth, and determine unequivocally if the tube is 

touching the iris or cornea. 

3.5.2 Potential Clinical Use 

OCT has the potential to perform many clinical diagnostic functions for 

evaluating glaucoma implant healing performance. OCT has demonstrated the ability to 

identify locations on the tubes where the conjunctiva has eroded or thinned that was not 

always clearly visible or quantifiable with the unaided eye. This is important for 

prevention of infection or inflammation of the eye caused by the exposed tube. OCT is 

also able to visualize the position and placement of the tube within the anterior chamber. 

This makes it possible to see whether or not the tube is touching the cornea or resting on 
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top of the iris, which can cause further irritation and leakage of fibrin and other blood 

components not normally found in the aqueous humor. In addition, OCT has shown to be 

effective at monitoring capsular formation and bleb separation from the implant that is 

undetectable to the unaided eye. 

3.5.3 Problems Encountered 

Over the course of this study, some problems with doing time-based studies of the 

healing response of the eye were realized. The first major problem found was that the 

conjunctive tissue that covered the tube and the implant easily shifts. We attempted to be 

consistent in image location from measurement to measurement with regards to the 

comea-sclera junction (CSJ) and the implant location, but the exact tissue we were 

measuring each time changed. Small (sub- mm) shifts cause large changes in apparent 

thickness of tissue layers. This made it challenging to assess the development of scar 

tissue or erosion. 

The final difficulty was acquiring all of the images with minimal anesthesia. The 

use of tetracaine eye drops alone did not substantially eliminate eye movement. A half 

dose of rabbit sedative was necessary, which gave us 30 minutes to image both eyes 

before the rabbit's eye started twitching and it eventually resisted being handled. This 

limited the number of images and information that could be collected per session. I 

anticipate that further increases to our OCT system imaging speed will improve this 

situation. 
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3.6. CONCLUSION 

OCT shows promise in being able to characterize the healing response of the eye 

to glaucoma implants. In addition, OCT has demonstrated potential clinical applicability 

for evaluating implant surgery and healing. These include checking tube placement in the 

anterior chamber, checking for signs of tissue erosion, and monitoring the development 

of the bleb and the fibrous capsule around the implant. Several difficulties were 

encountered in this study, most notably, tissue movement over time. The results show 

that it was possible to visualize the erosion of tissue over the implant tube and the buildup 

of fibrin within the implant tube. I believe that the development of fibrotic scar tissue 

shown in histology of Ahmed valves can also be seen in OCT images, as hyper-intense 

and texture altered regions. 
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CHAPTER 4: TEXTURE ANALYSIS OF OPTICAL 
COHERENCE TOMOGRAPHY IMAGES: FEASIBILITY 

FOR TISSUE CLASSIFICATION 

4.1 ABSTRACT 

Optical coherence tomography (OCT) acquires cross-sectional images of tissue by 

measuring back-reflected light. Images from in vivo OCT systems typically have a 

resolution of 10-15 jam, and are thus best suited for visualizing structures in the tens to 

hundreds of micrometers size range such as tissue layers or glands. Many normal and 

abnormal tissues lack visible structures in this size range so it may appear that OCT is 

unsuitable for identification of these tissues. However, examination of structure-poor 

OCT images reveals that they frequently display a characteristic texture due to speckle. 

The purpose of this study is to evaluate the application of statistical and spectral 

texture analysis techniques for differentiating tissue types based on the structural and 

speckle content in OCT images. Excellent correct classification rates were obtained 

when images had slight visual differences (mouse skin and fat, correct classification rates 

of 98.5% and 97.3%, respectively) and reasonable rates were obtained with nearly 

identical-appearing images (normal vs. abnormal mouse lung, correct classification rates 

of 64.0% and 88.6%, respectively). 

This study has shown that texture analysis of OCT images may be capable of 

differentiating tissue types without reliance on visible structures. 
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4.2 INTRODUCTION 

4.2.1 Optical Coherence Tomography 

In optical coherence tomography (OCT), cross-sectional images are created by 

measuring near-infrared light back-reflected from tissue [4-1, 4-2]. Typical in vivo OCT 

systems have a resolution on the order of 10-15 |am, and are therefore unable to image 

sub-cellular structures. Even with ultrahigh (better than 2 [xm) resolution systems, sub

cellular level imaging of deep structures may be limited by phase distortions in turbid 

tissues. Therefore, most identifications of tissue type and pathology have relied on the 

presence or absence of structures and layers. For instance, in the gastrointestinal tract [4-

3, 4-4, 4-5, 4-6], bladder [4-7], and prostate [4-8], several groups have reported that OCT 

images of normal tissue show a well organized composition, with layers such as mucosa, 

lamina propria, muscularis mucosae, and submucosa, and features such as colonic crypts 

and gastric pits. However, in pathologies, including Barrett-related and prostate 

adenocarcinoma, and bladder transitional cell carcinoma, common findings include 

disorganization and homogenization of the affected areas. 

Chapter 3 described an in vivo rabbit study evaluating the healing response of eyes to 

glaucoma implants. Many tissue changes related to the healing response, including 

fibrous encapsulation, did not show consistently clear and quantifiable changes to layers 

or structures on the resolution scale of OCT. However, intensity and speckle changes, in 

the OCT images over time were readily apparent. The need to perform texture analysis 

techniques to characterize these sub-resolution changes was discovered in this study. 



4.2.2 Speckle in OCT Images 

OCT images of many normal tissues, for instance sclera or aorta, have few or no 

structures and may appear to simply show an apparent exponential decrease in intensity 

with depth, assuming the signal is in the single-scattering regime. Therefore, it may 

appear that OCT would not be useful in classifying uniform-appearing tissues or 

pathologies occurring in these tissues. However, examination of apparently homogenous 

OCT images reveals that they display a characteristic texture due to speckle. 

Speckles appear everywhere in space whenever an optically rough surface is 

illuminated with coherent light. The observed random field distribution of speckle is 

stationary in time (for stationary objects) and is a function of the size and density of 

scattering surfaces in the coherent field. The greater the size range of the surface 

elements, the greater will be the angular range of scattering produced. The structural size 

of individual speckles, however, is determined by the size of the illuminated object area 

in free-space propagation, or the aperture angle in an optical imaging system. The 

speckle pattern may be regarded as being produced by the coherent superposition of the 

interference fringes of the waves falling onto a plane of observation [4-9]. This 2-D 

speckle theory for surface roughness can be extended to a 3-D model for OCT imaging. 

The origin of speckle in OCT images has been previously outlined by Schmitt [4-10]. 

In his paper, it is proposed that two types of speckles appear in OCT images. The first is 

due to interference from multiply scattered photons. This type of speckle is generally 

small, typically a single pixel wide. The second type of speckle results from interference 
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of the wavefronts from multiple scatterers within the OCT focal volume and is typically 

much larger. 

The occurrence of speckle has been noted in similar fields such as optical metrology 

with the use of coherent illumination. Numerous speckle applications can be noted, 

including roughness measurement, strain and displacement determination, shape 

measurement, and movement monitoring [4-11, 4-12, 4-13, 4-14]. I hypothesize that 

variation in the quantity and size distributions of scatters could create uniquely different 

speckle patterns. Therefore, it may be possible to use texture analysis to differentiate 

between uniform-appearing tissue types, based on features of their speckle. 

4.2.3 Texture Analysis 

Texture is a result of local variations in brightness within one small region of an 

image. If the intensity values of an image are thought of as elevations, then texture is a 

measure of surface roughness [4-15]. Texture analysis techniques can be classified into 

three groups [4-16]: 

• Statistical technologies; Based on region histograms and their moments, they measure 

features such as coarseness and contrast. 

• Spectral technologies: Based on the autocorrelation function or power spectrum of a 

region, they detect texture periodicity, orientation, etc. 

• Structural technologies: Based on pattern primitives, they use placement rules to 

describe the texture. 
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To the authors' knowledge, texture analysis has not previously been performed on 

OCT images. However, a large body of literature exists for texture analysis of ultrasound, 

MRI, CT, fluorescence microscopy, light microscopy, and other digital images. For 

example, in the eye, texture analysis of ultrasound images has been used to differentiate 

histological types of intraocular melanoma [4-17]. In another study, posterior capsule 

opacification was assessed from digital camera images using the texture analysis 

techniques of variance measurement and co-occurrence [4-18]. Texture analysis has also 

been used to evaluate ultrasound images of the prostate [4-19]. Other optical imaging 

modalities have utilized texture analysis, such as fluorescence microscopy images of 

colonic tissue sections [4-20] and light microscopy images of the chromatin structure in 

advanced prostrate cancer [4-21]. 

Details of texture analysis procedures can be found in many signal processing 

references. For example, see [4-15, 4-22, 4-23]. In this study, a preliminary investigation 

is performed to determine if two specific types of statistical texture analysis, spatial gray-

level dependence matrices (SGLDM) and Fourier spatial frequency domain techniques, 

can be applied to correctly classify OCT images of various tissues. 

4.3 IMETHODS 

4.3.1 OCT System 

The OCT system used in this study is similar to one described previously [4-24]. The 

source was a superluminescent diode with a center wavelength of 1300 nm and a 

bandwidth of 49 nm. The light was carried to the sample arm by an optical fiber (SMF-



28, Coming) with a 9|im core. The light was collimated into a 8.1 mm diameter beam and 

focused onto the sample by a 50mm focal length lens with a 19mm clear aperture. This 

gives the system an NA of .081. The axial and lateral resolutions of the system were 16 

and 14 |am in air, respectively. The detector signal was coherently demodulated and the 

magnitude sampled by a data acquisition board. Images consisting of 1024 a-scans 

(columns) with 256 pixels/a-scan were obtained of an area 1mm in lateral dimension and 

0.25 mm deep. The images were taken from just under the air-tissue interface, such that 

they contained only the bulk tissue. Ten images of each tissue type were taken from 

various locations on the tissue specimens. Care was taken to assure that all instrument 

settings, excepting detector gain, remained the same from image to image. 

The original images had a pixel size of approximately 1x1 [xm. Modified images 

were created by averaging 4x4 blocks of pixels. Thus, the new image type consisted of 

64 rows x 256 columns. The pixel size (-4x4 |j,m) in the modified images was still far 

less than the resolution of the system to ensure that the speckle pattern was not under-

sampled. Studies using unaveraged image data yielded less reproducible results than 

averaged images, perhaps due to the random nature of the noise and speckle from 

multiply-scattered photons. 

4.3.2 Tissue Imaging 

The specimens imaged in this study were freshly excised tissues from a single 15-

week old p53 double knockout mouse. The specimens included 2 portions of normal 

lung tissue, 2 portions of abnormal lung tissue (hyperplasia with extensive inflammation). 
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a 1 X 1 cm section of dorsal skin, and 2 portions of testicular fat. A technician, under a 

protocol approved by the University of Arizona Institutional Animal Care and Use 

Committee, surgically removed the tissue specimens. After removal, the specimens were 

covered with gauze, moistened with saline solution, placed in sealed containers, and 

refrigerated until imaged. 

4.3.3 Image Enhancement and Grouping 

The raw OCT image files contained floating-point numbers corresponding to data 

acquisition board voltage levels. Three operations were performed on each OCT image 

file to improve contrast and achieve a uniform distribution of intensities over a restricted 

grayscale range. First, the logarithm of each number was taken. Next, the brightness 

value of each pixel was scaled to fill integer gray levels between 0 and 255. To do this, 

the minimum and maximum values were recorded during the image data retrieval. The 

scaling was performed by 

_lo—^m«^x255 (1) 
. g max g min 

where g is the integer modified gray level of a given pixel, go is the original float value of 

the given pixel, gmm and gmax are the minimum and maximum floating-point values 

present in the raw image data, and L J represents the floor operator (the greatest integer 

not exceeding the operand). Third, histogram equalization was performed. The 

cumulative distribution function (CDF), F(g), was computed as follows 
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(2) 
(=0 

where h(g) is the gray-level histogram of the image. Then a new gray level (g') was 

computed by 

g = F ( g ) - F ( g ^ ^ )  
x255 (3) 

Two sets of texture features were extracted from the OCT tissue images. The first 

set of features was calculated from the spatial gray level dependence matrices, or co

occurrence matrices [4-25, 4-26, 4-27]. The second set of features was derived from the 

two-dimensional discrete Fourier transform (DFT) of the images. A complete 

description of these features is given in chapter 2 section 2.6. 

4.3.4 Distance Measures 

The scales of the 24 different features varied greatly, so they were normalized. A feature 

vector was calculated for each of the selected regions within the images. From this set of 

data, a single combined mean feature vector (yU) and a single combined standard 

deviation vector (CT ) were calculated using the combined data from all of the classes 

(tissue types) in the training set. The data were averaged over all of the regions for each 

feature, leaving a single 24-feature vector {]!). Each feature vector of a given region in a 

known class, c, was then normalized as follows: 



74 

X -

(4) 
cr 

where x is the raw feature vector for a given region. For each class, c, the mean, Hc, was 

computed by averaging the normalized feature vectors in that class. The covariance 

matrix used in the Mahalanobis distance was calculated for each class, c, using the 

following equation: 

where i and j both range from 1 to the number of features, in this case 24 (20 SGLDM 

features plus 4 FFT features). The Mahalanobis distance, dc, between an unknown 

region's normalized feature vector, x, to a specific class, c, was calculated using the 

following equation: 

4.3.5 Image Classification Program 

An image classification program was developed to differentiate tissue types based 

on texture analysis. Many different classification algorithms have been used in the past 

for texture analysis classification including neural networks, k-nearest neighbor, and 

Bayesian algorithms [4-28,4-29,4-30,4-31]. This program applies a minimum-error-rate 

Bayesian classification model due to its programming simplicity and the unimodal 

I. [/] m=(xm - ̂  m) (5) 

dc = iE-tif E) (6) 
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Gaussian distributions of our data [4-32]. Assuming that any incorrect classifications 

entail the same cost, then the Bayesian classification decision rule can be summarized as: 

Decide coi if p(x | )F(cOi) > p(x j CO2 )P{o)2); otherwise choose coi (7) 

wherep{x\ <ai) is the class-conditional probability density function of x given a specific 

class, a\, and P{co^ is the priori probability of class The priori probabilities were 

equal for all tissue types, or classes, in the texture analysis studies presented in this 

dissertation so the Bayesian decision rule can be reduced to the minimum-error-rate 

decision rule as follows: 

Decide coi if p{x | ty,) > pix | ); otherwise choose coi (8) 

In these texture analysis studies, the calculated feature values were the class-conditional 

probability density functions for the tissue types being compared. Since the feature 

values for a given class could be modeled as having a unimodal Gaussian distribution, we 

could further simplify the class-conditional probability density functions to a mean and 

variance value for each feature in each class. This provides all of the necessary 

information to calculate the Mahalanobis distances, in multi-feature space, from an 

unknown sample to the known classes. The optimized decision rule is then to simply 

classify the unknown sample to the known class with the shortest Mahalanobis distance 

between the unknown sample and known class. 

Given several sets of training images, the program extracts the best combination 

of 3 features, out of the 24 available, to distinguish the selected tissue types. Then, given 

an unknown region, the program measures the Mahalanobis distance between the 3-

feature vector of that region and all the known classes in the training set. The program 



determines tissue type based on the shortest Mahalanobis distance to the classes in the 

training set. 

To validate the texture analysis code, nine different Brodatz textures were used 

and are shown in figure 4.1. 
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Figure 4.1. Brodatz images used for algorithm verification: (a) D16, (b) D19, (c) D24, (d) D4, (e) D29, (f) 

D53, (g) D68, (h) D77, (i) D79. Image size: 256 x 256 pixels. The horizontal stripe through each image 

shows the selected region that was analyzed. The striped area has undergone histogram equalization pre

processing. 

The Brodatz textures are a set of images commonly used as a standard in texture 

analysis algorithms. The 256 x 256 pixel gray-scale images used in this study were D4, 
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D16, D19, D24, D29, D53, D68, D77, and D79. A 64 x 256 region of each Brodatz 

image was digitally processed in the same manner as the OCT images, with the exception 

of the log operation because they were already gray scaled (0 to 255 range) and did not 

have the large dynamic range of raw OCT images. This region appears as the horizontal 

stripe in the images shown in figure 4.1. The remaining parts of the images were not pre-

processed. 

Ten images of each tissue class were obtained from various locations in the tissue 

specimens, except abnormal lung with 9 images. Six of the images from each class were 

randomly selected and used for training, and the remainder for classification. In each 

image, the program extracted ten 64 x 64 pixel regions randomly. Since the images were 

64 x 256 pixels, there was significant overlap among the 60 training regions and among 

the 40 classification regions. However, there was no overlap between the training and 

classification regions. 

4.4 RESULTS 

Two types of speckle were noticed in OCT images, consistent with the observations of 

Schmitt [4-10]. The appearance of the large (30-100 |j,m) speckles remained constant 

from image to image taken at the same tissue location. This is expected since the object 

is stationary in time. The small (pixel-sized) speckles did not. Since only the top 250 |im 

of tissue was imaged, and this region was fairly uniformly reflective, the average signal 

level was considerably higher than the system noise floor. Therefore, this noise was 

ignored in my analysis. 
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Representative images of mouse skin, testicular fat, normal lung, and abnormal lung 

are given in figure 4.2. 

(d) 

Figure 4.2. Example OCT images (after 4x4 local average filtering) of mouse (a) skin, (b) fat, (c) 

normal lung, and (d) abnormal lung. Image size; 1 x 0.25 mm. 



The smaller speckle, on the order of a single pixel, was reduced by averaging, but the 

larger speckle was unaffected. A few structures were noticed (for instance, the horizontal 

linear structures in the fat image), but in general the images were dominated by speckle. 

To the unaided eye, very subtle differences in the shape of the speckle were seen between 

tissue types. 

Table 4.1 shows the classification performance of the system when four separate 

experiments were conducted. In each experiment, twenty different runs of the program 

were performed to determine statistical repeatability. In each run, the program chose the 

combination of 3 features out of the available 24 features that yielded the best 

classification results. The differences between runs were due to the random selection of 

regions within the images. 
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Table 4.1. Correct classification rates for the texture analysis experiments (20 runs per experiment). BT, 
Abn, and Nrm stand for Brodatz texture, abnormal, and normal, respectively.experiment). BT, Abn, and 
Nrm stand for Brodatz texture, abnormal, and normal, respectively. 

Experiment (1) BT1 BT2 BT3 BT4 BT5 
Mean 98.0% 99.0% 100.0% 99.0% 99.0% 
Stdev 4.2% 3.2% 0.0% 3.2% 3.2% 

BT6 BT7 BT8 BT9 
Mean 98.0% 97.0% 100.0% 97.0% 
Stdev 4.2% 6.7% 0.0% 4.8% 

Experiment (2) Skin Fat 
Mean 98.5% 97.3% 
Stdev 1.3% 3.4% 

Experiment (3) Abn 
Lung 

Nrm 
Lung 

Mean 64.0% 88.6% 
Stdev 17.7% 11.2% 

Experiment (4) Skin Fat Nrm 
Lung 

Mean 37.6% 94.8% 65.3% 
Stdev 17.7% 5.1% 15.2% 

The results of experiment #1 show that the nine Brodatz textures could be correctly 

classified 97%-100% of the time with a standard deviation of 0.0%-6.7%. Results from 

experiment #2 show the program could correctly differentiate skin and testicular fat 

98.5% and 97.3% of the time, with standard deviations of 1.3% and 3.4%, respectively. 

Experiment #3 results show that the program was able to correctly differentiate regions of 

normal and abnormal lung tissue into their true class 89% and 64% of the time, with a 

standard deviation of 11.2% and 17.7% respectively. Finally, the results of experiment 

#4 show that when all of the normal tissue types are analyzed together, the program can 

achieve correct classification rates for skin, testicular fat, and normal lung tissue of 
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37.6%, 94.8%, and 65.3%, with standard deviations of 17.7%, 5.1%, and 15.2%, 

respectively. 

4.5 DISCUSSION 

Brodatz textures are a standard test case for texture analysis code. The Brodatz 

classification problem was much more difficult than the binary comparisons because nine 

different classes were being compared simultaneously, but the Brodatz textures represent 

an ideal case in texture analysis: an extremely regular, nearly noise-free image. The 

Brodatz textures also appear more differentiated from each other than the tissue images 

are when viewed with the unaided eye. The excellent results (97%-100% correct 

classification rate) gave me confidence that my program was performing correctly. 

The program then performed a binary comparison of mouse skin and testicular fat 

images. There are some structural differences that can be seen between the two classes 

with the unaided eye, predominantly horizontal striping in the fat images. The excellent 

classification results may be due to the presence of these features. 

The program also performed a binary comparison between normal and abnormal 

mouse lung tissue. There are no structural differences that can be seen between the two 

classes with the unaided eye, but the normal lung tissue appears to have a slightly larger 

speckle size than the abnormal lung tissue. The program was able to correctly classify 

the abnormal lung tissue 64% of time and normal lung tissue 88.6% of the time. The 

normal and abnormal lung tissue images were very similar, so it was expected that the 

program would yield poorer results than the Brodatz texture or the skin/fat results. This 
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experiment suggests that identifiable structure, such as in testicular fat, helps the program 

differentiate the tissue types, but that speckle alone can still yield reasonable 

classification rates. Basset et. al. used SGLDM texture analysis on ultrasound images to 

differentiate normal vs. cancerous prostate cancer and yielded sensitivities ranging from 

41% to 83% and specificities ranging from 55% to 71% [4-19]. My correct classification 

results are comparable to those achieved in this study. OCT has an approximately 10 

times higher resolution than ultrasound, making OCT better suited for visualizing texture 

and structure of tissue volumes smaller than a millimeter. 

The program was finally tested with all three of the normal tissue classes collected 

from the mouse, including skin, testicular fat, and normal lung. The purpose of this 

experiment was to see how the program's performance decreased with more tissue types. 

To the unaided eye, the skin and normal lung images look very similar, lacking any 

apparent structures. Not surprisingly, the texture analysis code was able to differentiate 

the testicular fat (94.8%) much better than the other two classes. The program still did 

quite well with normal lung (65.2%), but skin results (37.6%) were just slightly better 

than chance (33.3%). 

The relatively shallow depth of the images was chosen to minimize the light 

attenuation and multiple scattering effects, and to maximize image contrast. The reduced 

scattering coefficient of human skin was found to be approximately 10cm"' at 1300nm [4-

33]. Optical scattering properties of mouse tissues at 1300nm were not available but 

assuming they are similar, and based on the work presented by G. Yao & L.V. Wang [4-

34], the OCT signal should be dominated by single-scattered photons. Future studies are 
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needed to determine the accuracy and repeatabihty of this method with deeper images 

and with images from varied depths. 

There are other texture analysis approaches that were not investigated in this study. 

These include gray level run-length matrices (GLRLM), gray level difference matrices 

(GLDM), power spectral methods (PSM), filtering methods, and the wavelet transform. 

The relative merit of three statistical approaches (GLRLM, SGLDM, and GLDM) and 

PSM was examined in [4-25]. The study found that for all possible finite groupings of the 

distance between sampling pixels, SGLDM brings better results than either GLRLM or 

GLDM. Therefore, in this feasibility study I chose to focus on the SGLDM approach. 

Other groups have applied various feature extractions techniques, such as karyometry, to 

histology samples of various types of abnormal tissue, but these methods lack the ability 

to perform non-invasive discrimination techniques [4-35]. 

In future work, the Bayesian classifier will be extended to handle real-world 

applications such as cancer detection. I will attempt to take into account a priori 

probabilities of the possible classes and the magnitude of risk involved for various 

misclassifications. For example, a Bayesian classifier might be more likely to classify 

normal tissue as cancerous instead of classifying cancerous tissue as normal because the 

consequence of missing a cancerous lesion is severe. In the current study, all of the 

classes had equal probability of occurrence, and there were no additional penalties for 

various misclassifications, so the Bayesian classifier reduced to a minimum-error 

classifier. 
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To the authors' knowledge, this is the first attempt to perform automated classification 

techniques on structureless OCT images. This study has shown that texture analysis, 

combined with OCT imaging, has the potential to provide an automated means of 

diagnostic tissue differentiation. 
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CHAPTER 5: TEXTURE ANALYSIS OF SPECKLE IN 
OPTICAL COHERENCE TOMOGRAPHY IMAGES OF 

TISSUE PHANTOMS 

5.1 ABSTRACT 

Optical coherence tomography (OCT) is an imaging modality capable of 

acquiring cross-sectional images of tissue using back-reflected light. Conventional OCT 

images have a resolution of 10-15|am, and are thus best suited for visualizing tissue layers 

and structures. OCT images of collagen (with and without endothelial cells) have no 

resolvable features and may appear to simply show an exponential decrease in intensity 

with depth. However, examination of these images reveals that they display a 

characteristic repetitive structure due to speckle. 

The purpose of this study is to evaluate the application of statistical and spectral 

texture analysis techniques for differentiating living and non-living tissue phantoms 

containing various sizes and distributions of scatterers based on speckle content in OCT 

images. Statistically significant differences between texture parameters and excellent 

classification rates were obtained when comparing various endothelial cell concentrations 

ranging from 0 cells/ml to 25 million/ml. Statistically significant results and excellent 

classification rates were also obtained using various sizes of microspheres with 

concentrations ranging from 0 microspheres/ml to 500 million microspheres/ml. 

This study has shown that texture analysis of OCT images may be capable of differentiating tissue 

phantoms containing various sizes and distributions of scatterers. 
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5.2 INTRODUCTION 

5.2.1 Optical Coherence Tomography 

Optical Coherence Tomography (OCT) is an optical imaging modality that 

acquires cross-sectional images using near-infrared light backscattered from tissue [5-1, 

5-2]. OCT systems have a typical axial resolution of 10-15 jxm, and are therefore not 

suited for visualizing sub-cellular structures. Even in ultra-high resolution OCT systems 

with resolutions better than 2 |a.m, phase distortions in turbid media can severely limit 

imaging of sub-cellular structures. Therefore, most identifications of tissue type and 

pathologies within OCT images have relied upon the visibility of layers and multi

cellular structures within the tissue. 

5.2.2 Speckle in OCT Images 

The optical phenomenon known as speckle has been known and characterized for 

optically rough surfaces illuminated with coherent light for many years. Recently, 

speckle in OCT images has been outlined by Schmitt [5-3]. In his paper, it is proposed 

that two types of speckle appear in OCT images. The first is due to interference from 

multiply scattered photons. This type of "chance" speckle is generally small, typically a 

single pixel wide, random, and can therefore be reduced by averaging. The second type 

of speckle results from interference of the wavefronts from multiple scatterers within the 

OCT focal volume and is typically much larger. This "inherent" larger speckle is 

constant from image to image at a given location. Many OCT researchers consider 

speckle to be a source of noise due to its apparent degradation of image quality and 



visibility of boundaries. Several methods to reduce speckle in OCT images through 

hardware modifications and digital image post-processing have been published [5-4, 5-5, 

5-6]. Results from one such hardware method, known as angular compounding, can 

substantially increase image SNR and improve boundary detection by reducing speckle 

[5-4, 5-5]. Adaptive filtering techniques have also been shown to be useful for enhancing 

layer boundaries in cartilage by reducing the effects of speckle [5-6]. However, since the 

second, "inherent" speckle in OCT images is dependent upon the distribution of 

scatterers within the sample, it makes sense that the speckle pattern should differ between 

tissue types that have different scatterer distributions. These scatterer distributions could 

differ for a number of reasons in tissue, including the disease state or tissue type. This 

property leaves open the possibility that speckle is actually a tissue-dependent signal that 

can be used to characterize and classify tissue types or states. 

5.2.3 Texture Analysis 

Texture in OCT images is a result of deviations or changes in intensity across the 

image. If the intensity values of an image are viewed as elevations, then texture can be 

seen as a description of surface roughness [5-7]. A large body of literature exists for 

many imaging modalities including texture analysis of ultrasound, MRI, CT, fluorescence 

microscopy, and light microscopy. Texture analysis from various imaging fields has 

been used to assess images of many biological tissues including eyes [5-8, 5-9], prostate 

[5-10], colon tissue [5-11], and chromatin in advanced prostate cancer tissue [5-12]. 

Previous work, discussed in chapter 4, has also shown texture analysis to be a feasible 
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means of classifying tissue types based on speckle content in OCT images [5-13]. In that 

study it was shown that excellent classification results could be obtained for 

distinguishing different tissue types (97.9% correct classification for mouse skin vs. 

mouse fat) and good results could be obtained for normal vs. disease state tissue (76.3% 

correct classification for normal vs. abnormal mouse lung tissue). While this previous 

study showed the feasibility of classifying tissues based on texture analysis of OCT 

images, there has not previously been a study performed using carefully controlled 

samples. 

The goal of this study is to determine how varying the optical scattering 

properties of tissue phantoms effects the speckle pattern seen in OCT images and the 

ability to classify these phantoms using texture analysis techniques. Tissues containing 

various cell concentrations and nucleus sizes were simulated by tissue phantoms with 

varying size and density of scatterers. It was anticipated that these tissue phantoms could 

be correctly classified based on their differing speckle patterns using texture analysis 

techniques described below. 

5.3 MATERIALS AND METHODS 

Two tissue phantom experiments were performed in this study. The first study 

involved well controlled, non-living tissue phantoms made of various sizes and 

concentrations of silica microspheres in gelatin. The second study used a living tissue 

phantom created by suspending bovine aorta endothelial cells (BAEC) in collagen. 
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5.3.1 Gelatin/Microsphere Tissue Phantoms 

Three different sizes of microspheres were used in this experiment: 0.49|^m, 

1.59)j,m, and 3.01 |j,m. These sizes were chosen because they are in the size range of cell 

nuclei and mitochondria and are well below the resolution of our OCT system. Silica 

microspheres were used because of their index of refraction (~1.37) was close to that of 

the cell nuclei. Each gelatin tissue phantom contained one of four concentrations of a 

single microsphere size. The four concentrations used in this experiment were 2.5 

million/ml, 25 million/ml, 100 million/ml, and 500 million/ml. Plain gelatin was used for 

the control giving a total of five concentrations of each size microsphere. 

The gelatin solution was made by mixing a 7.4 gram packet of unflavored gelatin 

(Kroger, Ohio) with 290ml of boiling water. An additional 65ml of cold water was added 

to the solution once the gelatin had completely dissolved. The gelatin solution was 

allowed to cool to room temperature (but not set) before the microspheres were gently 

stirred in to help prevent microsphere aggregation. The gelatin gels were formed in a 

well plate approximately 1cm in diameter and 4-5mm thick. Four gels were made for 

each gel type containing 2.5 and 25 million microspheres/ml and 3 gels were made for 

each gel type containing 100 and 500 million microspheres/ml (due to limited quantity of 

microspheres). The gels were covered with paraffin film, refrigerated for 40 minutes to 

allow the gelatin to congeal, then immediately removed and imaged. 
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5.3.2 Collagen/BAEC Tissue Phantoms 

A 3.5mg/ml collagen I solution was obtained by combining 3 parts purified rat-

tail Collagen I (4.7mg/ml; BD Biosciences, Bedford, MA) with 1 part 4X Dulbecco's 

Modified Eagle's Medium (DMEM). The solution was then brought to a pH of 7.0-7.4 by 

the addition of 1 M NaOH. For cellular constructs, primary isolate BAEC passage 2-7 

were added to separate collagen solutions. This resulted in 3 collagen solutions to use in 

generating collagen gels: collagen I alone, 2.5 million BAEC/ml collagen I, and 25 

million BAEC/ml collagen I. Collagen gels were created by placing 0.25ml of collagen 

solution into one well of a standard 48 well plate. The well plate was then transferred to a 

37°C incubator with 5% CO2. After 15 minutes, the constructs were bathed in warm cell 

culture media. The collagen gels remained in the incubator until immediately before use. 

5.3.3 OCT System 

The OCT system is similar to one described previously [5-13, 5-14] and is the 

same system used in chapter 4. It is based on a single mode fiber-based Michelson 

interferometer and uses a super luminescent diode with a 1300nm center wavelength and 

60nm bandwidth for the light source. Light was carried to the sample arm by a 9|am core 

(SMF-28, Corning) fiber. The light was collimated into a beam with an 8.1mm diameter 

and focused onto the sample with a 50mm focal length lens. This gave the system an 

approximate numerical aperture of .081. Light was also carried to the reference arm 

through the same type of fiber. The beam was collimated and reflected back into the 

fiber by a retro-reflecting comer-cube mounted to an arm on a glavo. The combined 



signal from the two arms was acquired with a single element InGaAs detector (New 

Focus 2011), coherently demodulated, and digitized by a 12-bit data acquisition (DAQ) 

board in the computer. The axial and lateral resolutions of the system in air were 16|a,m 

and 14)am respectively. The noise level of the system was measured to be -106dB but the 

system dynamic range is 72dB, limited by the 12-bit DAQ board. 

5.3.4 Imaging of the Gels 

All of the OCT images were 1mm in depth by 1mm in lateral extent and 

contained 512 x 512 pixels, for a resolution of 1000/512|am. 2x2 blocks of pixels were 

averaged to create images consisting of 256 x 256 pixels (still covering a tissue cross-

section of 1mm x 1mm) to reduce random detector noise and single pixel speckle. All of 

the images were taken just below the air-surface interface of the tissue phantoms such 

that the air/tissue interface was immediately above the image area. This boundary was 

omitted from the viewing area because its large index of refraction mismatch is much 

greater than the index mismatches within the tissue phantom, thus the inclusion of this 

boundary within the image would dominate the signals of interest within the phantoms. 

The image data was scaled to an 8-bit gray level image and histogram equalization was 

then performed on the scaled images. Ten images were taken from each gel. Ten 64 x 64 

pixel "regions" were selected from each image centered at the focal depth. The ten 

regions were evenly overlapped in the lateral dimension. The regions covered the entire 

lateral extent of 1mm, but only the depths between 0.25mm and 0.5mm. 



Ten regions of each image were analyzed using the texture analysis described 

below. Table 5.1 outlines the gel types, number of gels, number of images, and number 

of regions analyzed in this study. 

Table 5.1: Numbers of gels, images, and regions for each gelatin gel types used in this study 

Gel Type #Gels #1 mages #Regions 
Plain Gelatin 4 40 400 
.49um @ 2.5 million/ml 4 40 400 
.49um @ 25 million/ml 4 40 400 
.49um @100 million/ml 3 30 300 
.49um @ 500 million/ml 3 30 300 
1.59um @ 2.5 million/ml 4 40 400 
1.59um @ 25 million/ml 4 40 400 
1.59um @ 100 million/ml 3 30 300 
1.59um @ 500 million/ml 3 30 300 
3.01 urn @ 2.5 million/ml 4 40 400 
3.01 um @ 25 million/ml 4 40 400 
3.01 urn @ 100 million/ml 3 30 300 
3.01 um @ 500 million/ml 3 30 300 

A total of 20 gels were made for each concentration of BAEC cells in collagen. 

Ten images were collected from each gel and ten regions were analyzed from each image 

in the same maimer as described for gelatin gels. Table 5.2 outlines the collagen/BAEC 

gels used in this study. 
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Table 5.2: Numbers of gels, images, and regions for each collagen gel type used in this study 

Gel Type #Gels #lmages #Regions 
Plain Collagen 20 200 2000 
2.5 million/ml 20 200 2000 
25 million/ml 20 200 2000 

5.3.5 Texture Analysis 

Two sets of texture analysis features, described in more detail in this dissertation 

in section 2.5 and summarized here, were extracted from the OCT tissue images. The 

first set of features is known as Spatial Gray Level Dependency Matrices (SGLDM) or 

co-occurrence matrices [5-6, 5-7, 5-8]. The spatial gray level dependence method is 

based on the estimation of the second-order joint conditional probability density 

functions, s^i,j\d, 9), 6= 0°, 45°, 90°, and 135° [5-6]. Each s^i,j\d, 6) is the probability of 

a pixel with a gray level value (i) being (d) pixels away from a pixel of gray level value 

(j) in the (0) direction. If the image contains Ng gray levels, then an Ng X Ng matrix, 

S((i,j\d, 0), can be created for each direction (0) for a given distance (d). Certain textural 

information can be calculated from these SGLDM's to help classify tissues including 

energy, entropy, correlation, local homogeneity, and inertia (also called contrast). 

Detailed equations have been shovm in chapter 2, section 2.6, so only a descriptive 

summary is given below. All five of these features are different means of measuring the 

amount of homogeneity within an image. The Energy parameter is calculated by 

summing the squares of all of the pixels in the SGLDM matrices. This parameter will be 

high in homogenous scenes because s^ij\d, G) will contain only a few but relatively high 



values. Entropy describes the loss of order in a system, so an inhomogeneous image will 

have high entropy values while a homogenous image would have low entropy values. 

This is accomplished by multiplying the intensity value of a pixel in the SGLDM by the 

log of its intensity value. These multiplications are summed up for all pixels in the 

SGLDM. This effectively amplifies small pixel values and downplays the larger pixel 

values. The correlation parameter measures the gray-level dependence within pixels 

relative to each other. Local homogeneity is a way of measuring homogeneity by giving 

a higher weight to s^i,j\d, 9) values with similar shaded pixels neighboring one another. 

On the other hand, Inertia (or contrast) measures homogeneity in the opposite way, by 

giving higher weights to s^i,j\d, 6) values in which pixels of greatly differing shades 

neighbor one another. These texture features provided 20 different parameters to 

discriminate tissue types since each of these 5 features was calculated for 4 different 

directions. 

The second set of features was derived from the magnitude of the complex two-

dimensional Fourier spectrum of the images. The 2-D FFT of the tissue image was 

calculated and the magnitude data stored in a matrix where the DC frequency component 

is represented by the origin of the axis in the frequency domain. The 2-D FFT was then 

divided into concentric square rings based on frequency. In this case, four rings were 

chosen giving 4 texture parameters, where the innermost ring represents the lowest 

spatial frequency range and the outermost ring represents the highest spatial frequency 

range. The magnitudes of all the spatial frequencies in each ring were summed up and 



96 

divided by the total frequency magnitude content in the whole complex 2-D FFT. This 

gave the percentage contribution of each ring to the frequency content of the 2-D FFT. 

5.3.6 Classification Algorithm 

A different method for performance verification than the one described in chapter 

4 was used in this study. The new program described here adds the functionality of being 

able to classify based on any combination and number of features. In addition, the 

program has the ability to pre-screen the features allowing the user to chose combinations 

from only the N most significant features to speed computation and potentially eliminate 

noisy features. The program uses a Round Robin (Leave-One-Out) algorithm [5-15], 

compared to the algorithm that uses a 60/40 split of the data set for training/testing 

purposes described in chapter 4. The new program is more versatile than the previous 

program since it can be used to evaluate any type of database that organizes features into 

columns and samples into rows. The classification program was written in C# and is 

described in more detail in chapter 6. The algorithm is based on that given by Manly [5-

15], and uses a Mahalanobis distance classifier (described in section 4.3.4). The SGLDM 

and FFT features had a wide range of scales and distributions. The Mahalanobis distance 

allowed for those differences to be normalized so those features with dissimilar scales 

and distributions could be used in combination to classify the phantoms. Because of the 

large size of the feature pool, an unequal-variance student t-test method was used to rank 

the features and, in most cases, only the most significant seven features (those with the 

smallest p value) were used in the classification algorithm. 
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Various combinations of features were chosen to see how well they classified the 

images of the various phantoms, including: 1) individual features of the "top" (most 

significant) seven features, 2) all possible combinations of two of the top seven features, 

3) all possible combinations of three of the top seven features, 4) all possible 

combinations of one, two, three, four, five, six, and seven of the top seven features, and 

5) all possible combinations of three of all 24 features. The fovirth classification 

experiment described above allowed the computer to choose the best combination of any 

number of the top seven features to get the best combination to classify the phantoms in 

question. The fifth classification experiment ignored the t-test results and looked at all 

possible combinations of three of the available 24 features to find the best combination. 

For example, taking the 400 regions of the plain gelatin gels and 400 regions of 

the 0.49nm@2.5million/ml gels (see table 5.1) and performing the second classification 

experiment listed above, the first of the 800 available samples would be removed. The 

remaining 799 samples would then be used to determine which combination of two of the 

top seven features best sorted the remaining 799 samples into their 2 groups. This featvire 

pair would then be used to classify the "unknovra" sample to the group with the shortest 

Mahalanobis distance [5-13]. The left out sample will then be placed back into the pool 

and the next of the 800 samples will then be removed and the process repeated. 

5.4 RESULTS 

Figure 5.1a-m shows representative images from all of the gelatin/microsphere 

gels used in this study. All OCT system settings during the study remained constant. 
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The smaller speckle, on the order of a single pixel, has been reduced by averaging in 

these images; the larger speckle was unaffected by this process. The horizontal line seen 

near the tops of a few of the images is a secondary ghost image from the bottom of the 

well plate. It can be seen that the images are dominated by speckle with a few bright 

points being visible from light reflecting off of single, larger microspheres (3.01 |am) (e.g. 

figure 5.Ij). 
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Figure S.la-m: Representative images from gelatin/microsphere tissue phantoms. Figure a) 

.49)xm@2.5 mil/ml, b) .49|Lim@25 mil/ml, c) .49|am@100mil/ml, d) .49|am@500 mil/ml, e) 1.59|am@2.5 

mil/ml, f) 1.59|.im@25 mil/ml, g) 1.59(im@100 mil/ml, h) 1.59|xm@500 mil/ml, i) 3.01|im@2.5 mil/ml, j) 

3.01|im@25 mil/ml, k) 3.01|xm@100 mil/ml, 1) 3.01(xm@500 mil/ml, and m) plain gelatin 
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The images in figure 5.2, which are OCT images of collagen gels with various 

concentrations of BAEC cells, are dominated by speckle and no distinct cells can be seen 

in the images. Differences in intensity, contrast, and possibly speckle size can be seen. 

Figure 5.2a-c: Representative images of collagen with a) no BAEC cells, b) 2.5 million BAEC/ml, 

and c) 25 million BAEC/ml. 

Table 5.3 shows the results of the five different classification experiments for all 

of the two-way gelatin/microsphere tissue phantom comparisons. For example, when 

comparing gels made with .49|J,m spheres at a concentration of 25 million/ml to gels 

made with 1.59|im spheres at the same concentration, the program was able to correctly 

differentiate the two types 73.88% of the time when looking at all the possible 

combinations of two features of the top seven features, where as the classification rate 

increases to 79.40% when looking at all possible combinations of three of all twenty-four 

features, see table 5.3. 
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Table 5.3: Classification results for binary gelatin/microsphere gel comparison experiments. The column 
headings 7-1 through 7-3 represent the classification experiments looking at all possible combinations of 1, 
2, or 3 of the top 7 features, respectively. The column labeled 7-ALL shows the classification results when 
looking at all possible combinations of 1, 2, 3,4, 5, 6, and 7 of the top seven features. The final column 
labled 24-3 shows the classification results when looking at all possible combinations of 3 of all 24 
features. 

Plain vs .49 7-1 7-2 7-3 7-ALL 24-3 
2.5 million/ml 61.38% 65.13% 67.38% 66.38% 65.13% 
25 million/ml 63.25% 64.75% 66.38% 66.50% 58.38% 

100 million/ml 96.33% 96.17% 95.80% 96.00% 96.83% 
500 million/ml 95.17% 95.17% 95.00% 94.17% 96.17% 

Plain vs 1.59 
2.5 million/ml 64.25% 68.25% 69.63% 69.00% 70.38% 
25 million/ml 64.63% 67.63% 68.75% 70.88% 74.88% 

100 million/ml 81.67% 85.33% 86.30% 85.50% 84.83% 
500 million/ml 96.67% 97.50% 98.15% 98.83% 98.67% 

Plain vs 3.01 
2.5 million/ml 71.63% 71.38% 70.00% 70.00% 73.13% 
25 million/ml 80.25% 80.50% 78.75% 81.38% 83.75% 

100 million/ml 81.83% 87.33% 87.30% 89.17% 85.33% 
500 million/ml 99.67% 99.50% 99.30% 99.33% 100.00% 

.49 vs 1.59 
2.5 million/ml 59.63% 66.38% 66.63% 66.75% 71.25% 
25 million/ml 69.63% 73.88% 72.88% 72.88% 79.40% 

100 million/ml 89.17% 89.17% 89.20% 90.00% 90.67% 
500 million/ml 91.00% 92.00% 94.15% 94.17% 92.00% 

.49 vs 3.01 
2.5 million/ml 78.00% 77.00% 77.63% 78.00% 76.38% 
25 million/ml 82.38% 83.75% 85.63% 82.63% 86.25% 

100 million/ml 92.17% 94.33% 95.85% 95.67% 98.66% 
500 million/ml 96.00% 96.67% 97.50% 98.67% 100.00% 

1.59 vs 3.01 
2.5 million/ml 67.38% 68.00% 65.38% 67.88% 70.75% 
25 million/ml 63.13% 65.75% 65.13% 67.63% 66.38% 

100 million/ml 75.00% 74.50% 70.70% 72.50% 75.33% 
500 million/ml 76.17% 85.00% 83.50% 86.00% 95.50% 
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Table 5.4 compares classification results for 0.49f^m/gelatin, 1.59)Lim/gelatin, 

3.01}am/gelatin, and BAEC cell/collagen. Each of these classification experiments was 

performed looking for the best possible combination of 3 of the top 7 features. 

Table 5.4: Comparing classification results between the different microsphere/gelatin phantoms and the 

BAEC/Collagen phantom. 

Gel Type 0.49um 1.59um 3.01um BAEC 
Plain vs. 2.5 million/ml 67.38% 69.63% 70.00% 65.47% 
Plain vs. 25 million/ml 66.38% 68.75% 78.75% 91.53% 

2.5 million/ml vs. 25 million/ml 67% 76.63% 71.25% 89.19% 

Table 5.5 shows the results for the two different classification experiments 

performed on the collagen/BAEC gels. Based on the results of the gelatin gel 

experiments, only combinations of three were evaluated. 

Table 5.5: Classification results for collagen/BAEC gel comparison experiments 7-3 and 24-3 

Gel Type 7-3 24-3 
Plain vs. 2.5 million/ml 65.47% 58.00% 
Plain vs. 25 million/ml 91.53% 90.31% 

2.5 million/ml vs. 25 million/ml 89.19% 83.00% 

Table 5.6 outlines the normalized histogram of how often the feature types 

(summed up over all angles) were used in the microsphere/gelatin studies. 
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Table 5.6: Histogram of normalized feature usage (summed up over all four directions) in 

microsphere/gelatin study 

Energy Entropy Correlation L-Homo Inertia FFT 
0.55 1.00 0.00 0.24 0.52 0.59 

Figure 5.3 shows an example feature value versus microsphere diameter for four 

different microsphere concentrations. The feature shown is local homogeneity at 45 

degrees. 

Feature Value vs. Sphere Size 
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Figure 5.3: Mean feature value versus microsphere size 

Figure 5.4 shows the same feature value plotted now as a ftinction of microsphere 

concentration for the three different microsphere diameters used. 
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Mean Feature Value vs. Concentration 
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Figure 5.4: Mean feature value versus microsphere concentration 

5.5 DISCUSSION 

There were a few general trends that can be seen in the gelatin/microsphere 

results shown in table 5.3. The first trend shows that classification rates generally 

improve as the number of features used is increased from one to three, but on average by 

less than 4%. The student t-test results showed that there was typically a high level of 

statistical significance (p < .01) in the difference between all top 7 features. The main 

limitation with using the p-value from the student t-test for such large data sets is that a p-

value can be very small for a statistically significant, yet trivial difference between data 

sets. This is why two data sets can have 7 or more features, whose p-values are less than 

.01, yet can only be correctly classified 65% of the time. The fact that adding more 
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features did not dramatically help the classification suggests that the features had a strong 

covariance, or that the distributions had similar separations between features. Analysis of 

the individual features from the gelatin/microsphere data shows that the feature values 

had a characteristically monotonic increase in value with increase in particle size. This 

trend was seen to be true across all concentrations, with occasional deviation from the 

trend in some feature values at the highest concentrations. 

A second trend evident from the data is that the classification results improve as 

the concentration of microspheres in the gels increase. This result is to be expected 

because the more scatterers in a solution, the more likely there will be multiple scatterers 

per volume element. It is the multiple scatterers per volume element that causes the 

speckle pattern seen in OCT images. Since our imaging system has a resolution volume 

of approximately 14xl4xl6)a,m^, there are -319 million volume elements per ml in the 

samples. If the microspheres were the only scatterers in the samples then only the 

samples with concentrations of 500 million/ml of microspheres should consistently 

contain speckle. However, images of plain gelatin still show this same type of random 

speckle pattern, indicating that the gelatin contains some scatterers that are much smaller, 

and much more concentrated, than the microspheres. The gelatin consists primarily of 

various molecular weight peptides of hydrolyzed collagen. Thus, the light scattered from 

one or more microspheres in the imaged voxel constructively and destructively interferes 

with the light scattered by the smaller scatterers within the voxel. 

The third general trend seen in the gelatin/microsphere data is that the 

classification results improve as the size of the microspheres increase. While all of the 
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microsphere sizes chosen for this experiment were well below the resolution of the 

system, the larger microsphere scatterers began to appear as bright spots in the images at 

higher concentrations. The ability to see these "structures" improved the success of the 

classification algorithm. Also, by increasing the size of the microspheres, but keeping the 

concentration (microspheres/ml) constant, the likelihood of having multiple scatterers per 

volume element increases as well, thus altering the speckle pattern more. 

The results from table 5.4 (BAEC/collagen results) show some interesting trends 

when compared to the gelatin results. First, when looking at the plain vs. 2.5 million/ml 

and plain vs. 25 million/ml results, it can be seen that the collagen/BAEC classification 

experiments had comparable or better results than the same comparisons performed with 

gelatin/microspheres. One possible explanation for this is that the collagen/BAEC 

suspensions are much more complex than the gelatin/microsphere suspensions. The 

addition of cells to a matrix introduces many more types and shapes of scattering 

structures (i.e. nucleus, cell walls, organelles) than does the addition of microspheres 

(which in this size range modeled the nucleus or mitochondria only). We limited the 

concentration of BAEC to 25 million because with higher concentrations the cells began 

to take on a hyper-plastic behavior and did not spread out and grow like normal 

endothelial cells. 

The second trend seen in the collagen/BAEC classification results was, logically, 

that the classification results improved with an increase in concentration difference. Thus 

25 million/ml vs. plain did better than 25 million/ml vs. 2.5 million/ml, which in turn did 

better than 2.5 million/ml vs. plain. 
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Based on the results from the gelatin classification experiments, two classification 

experiments were performed on the collagen gels to evaluate the effect of eliminating less 

useful, and potentially noisy, features from the pool, see table 5.5. It can be noted that 

the classification rates improved when the algorithm was only allowed to choose 

combinations of three features from the top seven features, as compared to choosing 

combinations of three from all 24 features. 

The histogram data, see Table 5.6, shows normalized relative feature usage in the 

microsphere/gelatin study. The data were averaged over all angles (SGLDM features) or 

frequencies (FFT features) to show how often a feature type was selected. Entropy, 

which gives higher weight to images with random or irregular patterns, was chosen most 

frequently. This coincides well with the random irregular nature of the speckle seen in 

the OCT images of the tissue phantoms. The FFT features were the second most 

commonly selected features in this data set. This is most likely due to the FFT features' 

ability to measure the periodicity of the speckle independent of direction. 

5.6 CONCLUSION 

So what implications does this have for evaluation of the healing response of the 

eye to glaucoma implants? Even though OCT does not have cellular resolution, texture 

analysis shows promise in being able to quantify cellularity in tissue. These experiments 

show that many of the texture analysis features chosen in this study vary with both size 

and concentration of scatterers in a sample in a generally monotonic fashion. Figure 5.3 

shows that feature values consistently increasing with an increase in scatterer diameter. 
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This behavior can be seen in all four microsphere concentrations. Figure 5.4 contains the 

same feature values plotted as a function of concentration and shows that for any given 

concentration of scatterers, the feature values consistently increase with scatterer 

diameter. This trend is important because it is analogous to the way that pathologists 

differentiate normal from abnormal tissue types, by noting changes in the size and 

distributions of cells in different sample types. The classification algorithm achieved 

good classification results when differentiating scatterers of different sizes at low 

concentrations, and excellent results at differentiating scatterers of different sizes at 

higher concentrations. The program also did an excellent job of classifying 

collagen/BAEC gels with varying concentrations in the lower concentration range. 

Despite being able to obtain promising classification results and seeing distinct 

trends with this image analysis technique, texture analysis of OCT images has its 

limitations. One such limitation is the change in speckle size with depth relative to the 

focal point. Even in homogeneous samples of gelatin alone, the relative speckle size can 

be seen to change with depth, see figure 5.1. This makes analyzing inhomogeneous 

samples difficult because the changes in speckle based on tissue properties would need to 

be de-coupled from the speckle changes based on imaging depth. The focal point in our 

system was kept fixed with respect to the surface of the sample and all regions analyzed 

came from the same depth in the image so that depth effects on speckle would be 

minimized. Another weakness of this method is the effect of system parameters on 

speckle. As noted by others [5-3], the speckle characteristics vary with system 

parameters such as light spectrum and system numerical aperture. This means that a very 
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stable system is required to perform any time based or repeated measurements. A solid 

plastic reference was used during the study. Images of the plastic were taken before each 

imaging session, and the speckle analyzed, to ensure that the system parameters remained 

constant throughout the study. While texture analysis of OCT images has its limitations, 

it has potential to help evaluate the healing response and assist in development of 

glaucoma implants by characterizing the type of tissue overlying the implant which may 

have no apparent features in OCT images. 
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CHAPTER 6: SOFTWARE DEVELOPMENT 

6.1 INTRODUCTION 

Chapters 3-5 described experiments and studies to address the specific aims of 

this dissertation. This chapter describes two software programs that were written to 

facilitate this work. 

The first program, described in section 6.2, is an image visualization/manipulation 

program called ImageChunker. This program has the ability to open multiple formats of 

OCT images and perform many image adjustments and improvements. The second 

program, described in section 6.3, is a database classification program called Round-

Robin. This program can used to perform classification using any number of databases 

that are organized with each row being a specific sample, and each column representing a 

feature in that sample. 

6.2 IMAGECHUNKER 

The ImageChunker software program is written in C#.NET and is designed to 

help solve the problem of performing texture analysis on OCT images of tissues with 

irregularly shaped layers. The texture analysis program, described in chapter 4, selects 

multiple regions (small image portions) from a single OCT image; however, the regions 

must all come from the same depth (axial position) within the image. This method of 

region selection is fine when analyzing a controlled sample with a flat surface that is 

normal to the direction of light propagation, but not optimal when trying to analyze a 
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tissue specimen with an irregular surface shape. This selection routine may also be 

inappropriate where a single OCT image contains multiple tissue types, such as tumors 

surrounded by normal skin [6-1], or colon polyps within the intestine [6-2]. 

ImageChunker was designed to allow the user to select and save individual regions 

within an OCT image by simply positioning a box-shaped cursor of user-defined size 

over the desired region of interest (ROI) and right-clicking the mouse. 

ImageChunker is also designed to facilitate the viewing and modification of OCT 

images created with our systems. These built-in modifications include: 1) flipping in the 

X and Y directions, 2) rotation, 3) reduction of image size by averaging blocks of pixels, 

and 4) changing the Z (intensity) scaling of an image. The flip and rotate functions are 

important because the raw images from various OCT systems are not saved in consistent 

or expected orientations. The averaging function helps to reduce white noise and single-

pixel speckle noise in our images, while the Z-scaling ability allows multiple images to 

be viewed with the same intensity scale to visually detect intensity relationships between 

images. The Z-scaling can also improve image appearance by effectively changing the 

contrast and brightness of the image, thereby reducing low level noise and highlighting 

certain structures. 

In addition to the built-in image modification fiinctions, ImageChunker has the 

ability to run user-defined plug-ins. This gives users the ability to write short codes to 

perform such image analysis functions as edge detection, speckle flow analysis, or 

calculating mean and standard deviation without writing a new GUI application to 

display their results. 
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ImageChunker was developed because there does not exist a single commercially 

or freely available package that contains all of the image manipulation features needed 

for the work in this dissertation. Also, existing software packages could be overly 

cumbersome or awkward to use. With the specialized OCT image handling functions and 

advanced image processing capabilities through plug-ins, ImageChunker has the ability 

to view and modify OCT images beyond the abilities of other currently available 

software packages. 

6.2.1 Opening and Saving Multiple OCT Image Formats 

ImageChunker is able to open several different file formats since it uses images 

from multiple OCT systems with different output formats. The main differences between 

the various OCT image formats are: 1) tab or space delimited, 2) logarithmic or linear 

scale, and 3) transposition and orientation of image matrix. To address these differences, 

and provide flexibility for possible future format changes, ImageChunker can open tab or 

space (up to 5 consecutive spaces) delimited 2-D matrix data, that is logarithmically or 

linearly scaled. ImageChunker also has the ability to flip and rotate images to their 

correct orientation. 

After opening, reorienting, and otherwise manipulating the raw OCT image, it can 

be saved. ImageChunker creates two files when it saves an image. First, it saves the 

reoriented, raw data in a logarithmic or linear format in a tab-delimited ASCII text file 

(regardless of whether it was originally tab or space delimited). Second, a bitmap of the 

logarithmically scaled data is saved. The data for the bitmap image is logarithmically 
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scaled instead of linearly scaled because the dynamic range of the OCT data is too great 

(approximately 70dB) to be accurately scaled in a linear fashion to accommodate the 0-

255 range of a bitmap image. Reorientation and averaging changes to the data will be 

reflected in both the saved ASCII data and the bitmap, while any Z-scaling alterations 

will only be saved in the bitmap. 

6.2.2 User Interface 

^ OCT Image Chunke 

File Alter Image Chunking Parameters Window Help 

! s -i 

Image Size [G25,G00] Cursor @ (242,194) 

Figure 6.1: Screen shot of ImageChunker 

Figure 6.1 shows ImageChunker with an open OCT image. The user interface is 

composed of a main menu and a toolbar. The main menu contains categories for: 1) 

opening and saving files, 2) image alteration, 3) adjusting parameters associated with 
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image "chunking", 4) viewing a list of open images, and 5) viewing available help. The 

toolbar offers: 1) one button to open files, 2) two buttons to save files, 3) three buttons to 

reorient a single, selected image, 4) three buttons to reorient all open images, and 5) two 

buttons to adjust image cropping parameters. 

6.2.2.1 Open Files 

The Open Files button on the far left of the tool bar button is a drop down button. 

Clicking on the arrow to the right of the button pulls down a menu to select whether to 

open "Pre-Logged" (logarithmically scaled) or "Un-Logged" (linearly scaled) data. The 

default is set to display linearly scaled data files. Pressing the Open Files button itself 

opens up a dialog box where the user can select one file or multiple files to open in the 

format selected in the drop-down menu. The user can also use the main menu to open 

files by selecting Files->Load OCT->Pre-Logged or Files->Load OCT->Un-Logged. 

The user will again be given a dialog box from which to select the files to open. OCT 

data is always displayed in a logarithmic scale, so any data opened as "Un-Logged" is 

automatically logged before displaying. 

6.2.2.2 Save Files 

The second and third buttons from the left on the toolbar are for saving a single 

image or batch saving all images, respectively. Both buttons have a drop-down menu 

that permits you to open a dialog box and chose an extension that will be added to the end 

of the existing filename, and select whether or not to save logged or raw data. If the OCT 

data was opened as "Pre-Logged", then using the save logged or raw functions are 

equivalent. The default filename extension is _IC (for ImageChunker). For example, if 
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the filename of the opened image is mouse.amp, the resulting filename will be 

mouse_IC.amp. The filename extension box may be left blank, but the original data will 

be overwritten when the file is saved. 

The Save Single Image toolbar button opens a dialog box with the constructed 

filename shown in the text box. At this point, the filename can be altered, if desired. The 

Batch Save toolbar button does not open a dialog box, and saves all of the open images 

with their respective constructed filenames. 

6.2.2.3 Perform Image Reorientation to Single Selected Image 

The third grouping of buttons in the toolbar is used for performing image 

reorientation to a single image. These three buttons, from left to right, flip the x-

coordinates of the image, flip the y-coordinates of the image, and rotate the image by 90 

degrees clockwise. These options are also available in the main menu bar by selecting 

Alter Image->Image Orientation and selecting the appropriate fiinction. 

6.2.2.4 Perform Image Reorientation to all Open Images 

The fourth grouping in buttons in the toolbar perform the same functions as 

described in the previous section, except that they affect all open images, not just the 

selected image. These options are available in the main menu by first selecting the Alter-

>Image->Batch Process then by selecting Alter Image->Image Orientation and selecting 

the appropriate function. 

6.2.2.5 Adjust Parameters Associated with Image Cropping 

The final grouping of buttons in the toolbar are for setting the parameters 

associated with cropping (or chunking) particular regions from the image. The button on 
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the left opens a dialog box that allows the user to set the X and Y dimensions of the 

cursor selection box. 

Width Height 

i F~3 F~3 
jiiiliiliilliil^^ _ 

Figure 6.2: Set cursor size dialog box 

The button on the right opens a dialog box that allows the user to set an incremental 

filename (6.2.3 ImageChunker in Action) for rapid image cropping. 

EESSSSSESS:^ : 

Set Filename 

W 

Set next IncromenI Number 

Clear the Filename field to make 
program bring up Dialog box for 
each chunk save. 

Figure 6.3: Incremental File Name dialog box 

These options are also available in the main menu under Chunking Parameters. 
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6.2.2.6 Average Images 

Images can be averaged in ImageChunker through commands in the main menu 

under Alter Image->Average. To average an image, the user selects scaling factors for 

the X and Y directions from the dialog box. The program then takes pixel blocks, whose 

dimensions are the X and Y scaling factors, and averages them to one value. This 

operation reduces high frequency noise, and reduces the image size. For example, a 

1024X512 image that is averaged using X and Y scaling factors of 4 would have a final 

dimension of 256X128. This process can be done to all open images by selecting Alter 

Image->Batch Process. 

X Scale Factor Y Scale Factor 

I —3 —3 
i Old Size [Row.-s.Colsi = [0.0] 

! Size [Rws ColsJ = [0,0} 

Close 1 

Figure 6.4: Average Image dialog box 

6.2.2.7 Z-Scaling the Image 

By default, images opened in ImageChunker are auto-scaled. This means that the 

maximum float value in the data set is mapped to a gray scale value of 255, and the 

minimum value is mapped to 0. The Z-scaling of an image can be changed by selecting 

Alter Image->Adjust Z-Scale from the main menu. This command opens a dialog box 

that allows the user to deselect the Auto Z-Scale check box. This operation enables two 

Average 
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numeric controls that allow the user to redefine the maximum and minimum values that 

are mapped to gray levels of 255 and 0, respectively. After specifying the new minimum 

and maximum values, the user can view the newly scaled image by pressing the Re-Draw 

button in the dialog box. Anything greater than or equal to the redefined max value gets 

mapped to 255, and everything less than or equal to the redefined minimum value get 

mapped to 0. The user can at anytime recheck the Auto Z-Scaling check box to cause the 

gray scale values to be mapped back to the original maximum and minimum values of the 

image. This process can also be performed on all open images by selecting Alter Image-

>Batch Process. 

3 

W AutoZ-Sc-ale 

Re-Draw j 

Figure 6.5: Z-Scale dialog box 
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6.2.3 ImageChunker in Action 

6.2.3.1 Image Reorientation and Alteration 

As described in previous sections, ImageChunker has the capability to perform 

several image reorientation and alteration functions. Figures 6.6 through 6.9 show an 

OCT image that has been opened, rotated, averaged (2X2), and Z-scaled, respectively. 

Figure 6.6: Raw OCT image 



Figure 6.7: Figure 6.6 rotated 90 degrees clockwise 

Figure 6.8: Figure 6.7 averaged by a factor of 2 in the X and Ydirections 

Figure 6.9: Figure 6.8 after adjusting the Z-scale 
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In addition to image reorientation and alteration, ImageChunker has the ability to 

easily crop portions of an OCT image for later processing. A yellow cursor box can be 

seen in the OCT image in Figure 6.1. The outline created by this cursor represents ROI 

that will be selected when the user right clicks the mouse. If an incremental file name for 

the cropped sections has not already been set, a Save File dialog box opens so the user 

can specify the filename for the selection. If an incremental fileneime has been specified, 

then upon right clicking the mouse, the area of the image outlined by the cursor is saved 

with the preset incremental filename. The filename is then incremented by 1 for the next 

cropped region. When a selected region is saved, both the raw data (in its original 

logarithmic or linear scale) and a logarithmically scaled bitmap of the region are saved. 

6.2.4 Software Expandability 

To extend the usefulness of ImageChunker, the program was designed to use 

"plug-ins." Plug-ins are fiinctions or programs, that are written and compiled separately 

from the main program (ImageChunker), that can be detected and used by the main 

program to perform functions that the main program was not originally designed to do. 

ImageChunker's ability to accept plug-ins enables users to write small portions of code 

that perform new image processing techniques to OCT images, without worrying about 

the code that opens, saves, views, or performs modifications such as rotations to OCT 

data. 

To run a plug-in, the user simply runs ImageChunker, opens up one or more target 

OCT images, and selects the appropriate plug-in from Alter Image->Plugins in the main 
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menu. The plug-in is run on one or all images depending on whether the Alter Image-

>Batch Process option is selected. 

6.2.5 Conclusion 

ImageChunker was designed to facilitate the viewing and manipulation of OCT 

data collected by our lab. The software has the ability to open and save data in several 

different formats. ImageChunker also has the ability to perform several different image 

alterations including flipping, rotating, averaging, and adjusting the z-scaling. In addition 

to the functions described previously, ImageChunker can accept plug-ins to expand its 

image processing capabilities for years to come. 

6.3 ROUND-ROBIN CLASSIFICATION PROGRAM 

The Round-Robin (RR) classification program was written in C# and was 

originally intended to classify databases of texture analysis features derived from OCT 

images, but was written as a general classification algorithm to classify databases of any 

feature type. The program can handle databases with any amount of samples, features, 

and header information. This program was developed because commercially available 

packages were too expensive, overly complex, and/or difficult to use. In addition, many 

commercially available packages are not able to handle more than 2 databases, whereas 

Round-Robin can evaluate any number of databases (generally corresponding to different 

tissue types) simultaneously. 
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6.3.1 Round-Robin Algorithm 

The RR program uses the Round-Robin (or Leave-One-Out) training/testing 

algorithm. This algorithm sequentially goes through every region (region meaning the 

vector containing all of the features (scalar values) for a particular sample) of all of the 

databases being compared for classification. The program develops the training model 

based on all of the regions in all of the databases except the one selected region. After 

the training is complete, the program tries to classify which database the selected region 

bests fits based on the information collected during training. The program then 

increments the number of regions correctly classified if the region was classified 

successfully. The selected region is then placed back in the training pool and the next 

region is selected until all of the regions in all of the databases have been evaluated. 
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6.3.2 User Interface 

FBI lliihm 

Feature Pie-Screening Algorithm 
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Examine combinations 
of N features 

Figure 6.10: Screen shot of Round-Robin Program 

The RR program was designed with a simple GUI interface to help the user select 

the desired parameters. The GUI allows the user to select which type of pre-screening 

algorithm to use, open a dialog box to select the desired databases to classify, select the 

number of top features the program can use, and select what type of feature combinations 

the program should evaluate. All of the controls are grayed-out (disabled) during 

portions of program execution when they should not be changed. When the program is 

finished with its calculations, the word Done appears in bold letters at the bottom of the 

interface. 
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6.3.2.1 Feature Pre-Screening Algorithm 

The user has the option of selecting from three different algorithms to pre-screen 

the different features and rank them based on how statistically significant they vary 

between the selected databases. The first two options are the equal and unequal variance 

student t-tests. The outputs of these algorithms are p-values, with the smallest p-value 

being the most statistically significant. One important limitation to these algorithms is 

that they only work for comparing two different databases. The third type of pre-

screening algorithm that can be chosen is the Kruskal-Wallis (KW) test [6-3]. This 

algorithm uses a rank-sum model as opposed to the squared-deviants model used in the 

student t-tests. The output of the KW algorithm is a chi-squared type value for each 

feature being evaluated, with a larger value being more statistically significant (as 

opposed to smaller values being more significant for p-values). One important advantage 

to the KW algorithm is that it can evaluate the statistical significance of features in two or 

more databases. No matter what pre-screening method is selected by the user, if more 

than two databases are selected the program automatically uses the KW algorithm. 

6.3.2.2 Load Databases 

After the pre-screening method is selected the "Load Databases" buttons becomes 

enabled. A dialog box opens up once this button is pressed so that the user can select the 

databases to be opened. At this time, the user selects all of the databases being evaluated 

by holding down the ctrl-button, clicking all of the databases (the user must select at least 

two databases), and pressing the open-button. After the program is through performing 

the classification experiment, the word Done will appear and the program will have to be 



126 

re-run to perform another set of calculations. The alternative is to have the program open 

up a list of databases to evaluate where each line is a specific classification experiment 

containing a tab-delimited series of databases to evaluate. For example: 

Type 1 .txt T ype2. txt 
Type 1 .txt T ype3 .txt 
T ype 1 .txt T ype2 .txt Type3 .txt 

The program will open up all of the databases listed in the first line, perform the 

classification experiment and output results, then open up all of the databases listed in the 

next line, perform the classification experiment, etc. This way the user can have the 

program perform all of the classification experiments by just running the program once. 

The user opens up the list in the same way as when choosing databases, except that only 

one file (the file containing the list) is selected and opened. So, if only one file is 

selected, the program will expect it be a list of filenames, whereas if the user selects more 

than one file, the program will expect the files to be databases. 

The databases can have any number of regions and any number of features in a 

region as long as all of the regions in all of the databases have the same number of 

features and are tab-delimited. The rows in the database represent regions and the 

columns represent features from the regions. The database can also have any amount of 

header information as long as each column is not headed by a row of numerical labels 

(such as labeling each column in a database with 24 features as 1 through 24). This is 

because the program automatically treats any lines in the database that are of different 

length to the data, or are not numerical, as header information. Thus, the numerical 
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header for each column would not be counted as header and would be treated as a region 

and could compromise the results of the classification experiment. 

6.3.2.3 Feature Selection Options 

After the databases (or list of databases) have been selected, the numerical 

controls labeled "Number of Features to select from" and "Examine combinations of N 

features" become enabled. The first numeric control sets how many of the top features 

(as ranked by the pre-screening algorithm) the program can look at. Due to memory and 

time constraints of the computer, the maximum number of features that can be evaluated 

is 22. The second numeric control tells the program to examine combinations of N. For 

example, if the first numeric control is set to 10 and the second numeric control is set 3, 

then the program will evaluate all combinations of 3 of the 10 features. The second 

numeric control can also be set to 0, in which case the program evaluates all 

combinations of 1, 2... N, where N is the number of top features selected. 

6.3.3 Program Output 

The output of the program is a text document. Concatenating the names of all of 

the included databases separated by _vs_ creates the output file's filename. For example, 

if three databases names typel.db, type2.db, and type3.db were evaluated then the output 

filename would be typel_vs_type2_vs_type3.txt. The output file includes several pieces 

of important information including: 1) the correct classification rates for each database, 

2) the average correct classification rate, 3) information about the number of features 

used and the combinations evaluated, 4) a histogram showing how often features were 

selected, 5) pre-screening results, 6) mean values for all features for each database, and 7) 
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standard deviations values for all features for each database. Figure 6.11 shows an 

example output for two databases. 
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Pre-Scr^mng Results.- KrtMcM-Watlts 
IJ 0959207920791 0.003 8495 0495 04 8398 
46,8617346534654 0.891992079207932 
20.7645 623 7623 77 0.3118099 W990102 

T jpe2 Mean V ecior 
3.04597572414 20.10:835727:84 9.807728367 
2.04675650732 49.9818968004 II.M41724524 
20.85232035 8 29.2061467918 3.0S66929W26 

T'vpe2 StandardDe\iaicnVector 
0.590037460700348 1.73602174422592 
0.364393353012:819 3.06238847802539 
2.SW6S537604335 1.93548528854223 

T>pel Mean Vector 
2.90485575076 20.1104551346 10.1066640358 
1.02588073294 50.561182^5278 12.0043776314 
17.7353699366 29.0445769124 5.07142629188 

T jpe 1 Standard De-vi ati on V ector 
0.5 55 882404793487 1.77408564954552 
0.348296728868267 2.69730871102207 
2.84140018166931 1J 2602400733027 

Figure 6.11: Sample output file for Round-Robin program (in word-wrap mode) 
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6.3.4 Conclusion 

The Round-Robin program was written as a general-purpose classification 

program to determine how well two or more databases can be classified. The program 

has an easy to use interface that allows the user to select the databases or list of databases 

to evaluate and has very flexible database requirements to allow for many different sizes, 

numbers, and formats of databases. 



130 

CHAPTER 7: SUMMARY AND CONCLUSIONS 

7.1 SUMMARY AND FINDINGS 

The feasibility of using optical coherence tomography to evaluate the healing 

response of the eye to glaucoma implants was demonstrated in this dissertation. It was 

shown that OCT has the ability to visualize macroscopic tissue changes in healing rabbit 

eyes, as well as the potential for classifying tissues and tissue models based on 

microscopic changes that effect the speckle pattern seen in OCT images. 

To address the first specific aim of this dissertation, a hand held OCT probe was 

constructed to facilitate non-invasive in vivo imaging of the eye. This probe met all 

design requirements, and has become a valuable addition to the OCT system for a variety 

of research purposes. A study was performed using this probe, satisfying the second 

specific aim, showing that OCT could visualize changes in tissue, related to the healing 

response, on the macro-scale. This was done in an in vivo study of rabbit eyes with 

surgically installed glaucoma implants. This study showed that OCT was capable of non-

invasively monitoring several healing characteristics over time including tissue erosion 

over the tube, fibrotic encapsulation of the implant, and fibrin buildup within the tube 

lumen. 

A statistical analysis technique for classifying tissue type based on speckle 

content in OCT images was developed, addressing the third specific aim, to help monitor 

changes in tissue type that did not necessarily display any macroscopic layers or 
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structures in OCT images. This method uses spatial gray level dependence matrix and 

fast-Fourier transform algorithms to calculate features related to the "texture" of the 

speckle in the OCT images. The features are used as input to the classification program 

that uses a Mahalanobis distance classifier to try and differentiate tissue types based on 

the feature values. 

The fourth specific aim was addressed with a quantitative study to determine how 

varying the optical scattering properties of tissue phantoms and constructs could change 

the speckle pattern seen in OCT images, leading to the ability to classify these samples 

based on changes in speckle. This study was performed using tissue phantoms with 

various sizes and concentrations of scatterers. The classification results showed that 

texture analysis was sensitive to changes in both size and density of scatterers in tissue. 

This is an important result because as healthy tissue gives way to fibrotic scar tissue in a 

foreign body healing response, the sizes and distributions of cells changes. Some feature 

values changed monotonically with increase in scatterer concentration, opening the 

possibility of sample characterization as well as classification. 

The fifth specific aim was addressed with a feasibility study to see how well 

texture analysis could classify different types of bovine and murine tissues. The results 

of this study showed that texture analysis of speckle in OCT images was a feasible means 

of tissue classification in images that did not show any visible layers or structures. 

Texture analysis might one day complement OCT's macroscopic visualization abilities to 

monitor the healing response, primarily the fibrotic encapsulation of the implant, of the 

eye to glaucoma implants. 
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7.2 FUTURE DIRECTIONS 

Several additions or modifications could be made to the studies presented in this 

dissertation. These changes would all contribute to the advancement of a non-invasive 

means of evaluating the healing response in the eye. These improvements can also be 

applied in a more general sense to a variety of tissues and pathologies for use in an 

automated computer aided diagnosis (CAD) device. 

7.2.1 Texture Analysis Techniques 

The texture analysis filters used in this study proved to be very effective for 

classifying tissue type in OCT images. These filters were chosen based on positive 

results obtained under similar situations in the ultrasound literature. However, since we 

were the first group to publish the use of texture analysis techniques on OCT images, 

there exists the possibility that better texture analysis filters and classification algorithms 

exist for classifying tissues in OCT images. While spatial gray level dependence 

matrices (SGLDM) are the primary texture filters used in ultrasound, several other 

methods have been used including gray level run length statistics, gray level difference 

statistics, and first order gray level parameters [7-1, 7-2, 7-3]. In addition, other 

classification algorithms such as neural networks might yield better classification results. 

7.2.2 Texture Analysis of the Eye 

This dissertation presents evidence that texture analysis can be used to 

characterize and classify tissues. However, no texture analysis of glaucoma implant 

healing response has yet been performed. A future rabbit study, carefully designed, could 

be performed with texture analysis in mind. First, uncertainty in imaging location from 
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time point to time point, and difficulty in co-registering histology must be addressed. 

Tissue growth and plasticity confounds this problem. In the study in chapter 4, there was 

no gold standard for the true tissue-state in the OCT images obtained at time points 

without histology, and only an uncertain standard at time points with histology. A means 

of safely and permanently marking the tissue of a living eye at the begitming of the study 

would mitigate this issue by allowing researchers to consistently image and biopsy the 

same site. 

Secondly, changes in speckle due to depth and attenuation must be de-coupled 

from changes due to tissue type. There are three main factors that affect the image 

quality and speckle parameters with respect to depth. The first factor is the focus of the 

system. The light is not collimated as it passes through the tissue, but actually comes to a 

focus at a location within the tissue, then defocuses again. This effectively gives a lateral 

resolution that changes with depth in the image. Since lateral speckle size is related to 

lateral resolution, speckle size changes. The second factor is decrease in resolution 

(increase in speckle size) with depth due to multiply scattered photons. The third factor 

is attenuation of the signal due to absorption and forward scattering of the light. The first 

two factors can be modeled using a uniform tissue model to back out their effects on the 

speckle pattern with depth. The attenuation factor is a more unknown parameter because 

it is entirely tissue dependent. An additional factor that affects speckle (that is not depth 

dependent) is moving scatterers. The speckle seen from a flowing blood vessel is notably 

different from the tissue above and beside the vessel. The speckle in the tissue below a 

large blood vessel (over 50|a.m diameter) is also changed due to the light forward 
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scattering through the moving scatterers. This makes texture analysis of any tissue below 

a large blood vessel nearly impossible to perform. 

One solution to these depth-related problems is to search for texture parameters 

that are less sensitive to depth. The de-coupling problem can also be overcome with a 

more empirical approach by collecting databases for each tissue type of interest at 

multiple depths. An "unknown" tissue type at a specific depth could then be compared 

for classification to the databases of the tissues of interest at that same depth. This 

approach would require an extensive database of histology-confirmed OCT images. 

A future rabbit study should incorporate careful positioning of the probe with 

respect to the tissue surface, and collection of many OCT images, to enable modeling 

and/or empirical de-coupling of depth effects. 

7.3 CONCLUSIONS 

This dissertation provides clear evidence that optical coherence tomography 

imaging can be used as a non-invasive means of evaluating the healing response of the 

eye to glaucoma implants. Many healing response characteristics were noted using OCT 

including tissue erosion, fibrous encapsulation, and fibrin accumulation in the drainage 

tube. OCT has demonstrated the potential for aiding physicians in tube placement by 

allowing the physician to view the depth position of the tube with respect to the cornea 

and iris. OCT has also shown the ability to help diagnose forms of angle closure 

glaucoma by allowing physicians to obtain high resolution, cross-sectional, images of 

angle structure of the eye. 
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Texture analysis shows great potential for characterizing tissues in OCT images 

that do not show any obvious layers or structures. This could allow physicians to monitor 

the development of fibrous encapsulation of an implant without having to surgically 

probe the area. The combination of OCT's ability to non-invasively image structures 

below the surface and the ability of texture analysis to classify tissues in OCT images that 

do not show structure opens up the door for many tissue pathology and healing related 

applications. 

If developed further, this technology might one day be incorporated into a small 

clinical computer aided diagnosis device for monitoring healing response or tissue 

disorders. This device would take an image of the tissue in question, evaluate the 

structural features as well as the texture analysis features of the speckle, and provide 

assistance in the classification of the tissue being imaged. Thus, a patient's healing 

response to an ocular implant could be non-invasively monitored allowing doctors to 

better treat unfavorable healing responses, such as fibrous encapsulation, before implant 

failure occurs. This non-invasive OCT imaging/texture analysis technique can be applied 

to a much broader set of problems than just ocular healing response. This technique 

could be used in an OCT catheter to help doctors identify cases of arteriosclerosis, find 

vulnerable plaques before they rupture, or help locate early stage cancers. 
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Appendix A: Additional OCT Images of Glaucoma Implants 
in Rabbit Eyes 

A.1 INTRODUCTION 

Chapter 3 includes images of the healing response of rabbit eyes to glaucoma 

implants at different locations and time points. The images in this appendix are here to 

augment the images in chapter 3 and give the reader a better idea of the variety of tissue 

thicknesses, healing responses, and anatomical locations imaged with OCT in this study. 

Table A.l shows a glossary outlining the abbreviations used to mark structures in the 

images. 

Table A.l: Glossary of abbreviations used in images in Appendix B 

Abbreviation Structure 
A air 
C conjunctiva 
T tube 
L lumen 
Cr cornea 

1 iris 
Im implant 
B bleb 
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A.2 CROSS-SECTIONAL TUBE IMAGES 

Figure A.l: This image shows a clear cross-sectional view of an implant drainage tube at day 7. The tissue 

surrounding the tube appears to uniform, indicating lack of significant fibrous tissue build-up. 
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Figure A.2: Cross-sectional image of implant drainage tube at day 7. As with figure A.l, the overlying 

tissue appears homogenous, indicating a lack of significant scar tissue development at this location at this 

time point. 
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Figure A.3: Tliis image shows a cross-sectional image of the implant drainage tube at day 15, The lumen 

of the tube is half-filled (~ 2 to 8 'o clock) with a highly scattering material, most likely fibrin. 
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Figure A.4: Cross-sectional image of implant drainage tube at day 30. There is a significant amount of 

hyper-intense tissue around the tube indicating fibrotic tissue development. Note that tissue over the tube 

appears layered. 
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Figure A.5: Cross-sectional image of implant drainage tube at day 90. The hyper-intense region appears to 

extend to near the tissue surface. Apparent distortion of the tube is a result of the image cross-section 

cutting obliquely through the tube. 
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Figure A.6: Cross-sectional image of drainage tube at day 90. A strongly layered structure can be seen 

overlying the tube. Stong layering appeared to be associated with thick fibrotic tissue seen in histology. 
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A.3 LONGITUDINAL TUBE IMAGES 

Figure A.7: This image shows a very clear example of a longitudinal image of implant drainage tube at day 

7. The tissue overlying the tube thins towards the right side of the image leaving the tube exposed. 
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Figure A.8: Longitudinal image of implant drainage tube at day 7. The right side of the tube can be seen to 

be partially filled with a scattering material, most likely fibrin. 
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T 

Figure A.9: Longitudinal image of implant drainage tube at day 30. A hyper-intense region can be seen 

above and below the tube indicating possible fibrous encapsulation. 
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A.4 IMAGES NEAR CORNEA-SCLERA JUNCTION (CSJ) 

Figiu-e A. 10: Longitudinal image of implant drainage tube at day 7. The tube can be seen entering the 

anterior chamber on the left-hand side of the image. The cornea can be seen at the top-left of the image, the 

comea-sclera junction (CSJ) in the top-middle. The tube is completely filled with a scattering substance, 

most likely fibrin. 
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Figure A. 11: This OCT image shows a clear view of the angle structure of the eye. The cornea extends to 

the top-right of the image and the iris mid-right. 
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A.5 IMAGES OF IMPLANTS 

Figure A. 12: Image of edge of ePTFE implant body at day 90. In addition to the implant having very 

similar optical properties as tissue, the implant also promotes tissue in-growth making it very difficult to 

see with OCT. There appears to be minimal fibrotic growth around the implant body. 
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Figure A. 13: Image at edge of Ahmed implant body at day 7. The tissue over the implant is relatively 

homogenous indicating no significant fibrotic build-up at this time point. 
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Figure A. 14: Image of edge of Ahmed valve implant at day 30. There appears to be only a thin layer of 

tissue overlying the implant at this time point. 
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Figure A. 15: Image over edge of Aiimed implant body at day 30. The tissue overlying the implant appears 

to be detached from the implant body on the right side of the image, indicating formation of a bleb. 
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Figure A. 16: Image Ahmed implant body at day 30. The tissue overlying the implant appears to be hyper-

intense and structurally layered , indicating fibrotic encapsulation. A portion of the Ahmed valve 

mechanism is visible on the right side of the image. A bleb is also seen over the implant. 
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Figure A. 17: Image over Ahmed implant body at day 90. A very hyper-intense layered structure can be 

seen overlying the implant, indicating possible fibrotic encapsulation. 
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