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Figure 5.4: Top row shows the red, blue, and green lines on the projection image and
corresponding B-scans in the original Cartesian domain. The BMO identification in
the upper and lower part of the optic disc (red and blue) is difficult. The bottom row
shows how the radial B-scans are acquired and the corresponding projection image
in the radial domain.

radial transformation resulted in 180 radial slices (in increments of 1 degree) such
that the ILM surface was defined and two BMO points were visible on each slice.
The BMO points were identified on each slice using a manual (BMOy;) as well as
an automated approach (BMO,). In the manual approach, the BMOy points on 20
evenly spaced radial slices were obtained by consensus manual delineations from three
experts. The locations of BMOy; points on the remaining 160 radial B-scans were
defined using piecewise cubic interpolation. For defining the automated BMO 4 points,
a graph-theoretic algorithm [24] was used which simultaneously segmented the BMO 5
points; the surface representing the junction of the inner and outer photoreceptor
segments; and Bruch’s membrane surface (Fig. 5.5). BMOy-MRW and BMOy-HRW
were computed using the manual BMOy; points and BMOA-MRW was computed
using the automated BMO, points.

In the cases of EOBT, the extension of border tissue was segmented in order to

be able to compute the EOBT-MRW. In this study, we were interested in examining
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Figure 5.5: The intraretinal layer segmentation. (a) The 3D layer segmentation of
ILM surface (red), photoreceptors inner segments/outer segments (green) and BM
surface (blue). (b) The result of surface + hole segmentation algorithm [24], consid-
ering the opening as the shared hole (yellow circles).

EOBT cases because in presence of EOBT, the closest point to the ILM may fall
on the anterior surface of the border tissue rather than on the BMO (Fig. 5.3). In
particular, in cases of EOBT, the ending point of the EOBT was manually marked
and the anterior surface of EOBT was defined by extending the BM surface to pass
through the BMO point and the EOBT end point. This was performed using a
piecewise cubic interpolation. Hence, EOBT-MRW, as opposed to BMO-MRW,| is a
surface-to-surface measure and is computed as the shortest distance between the ILM
surface and the anterior surface of border tissue. If the closest point to the ILM on
EOBT was less than 30 pym away from the BMO, the point was omitted and instead
the MRW was computed from the BMOy; point. In addition, EOBTg-MRW was
measured as the distance of the ending point of EOBT to the ILM surface.

To summarize, for each side of each radial scan, the following rim-width measures

were computed:

e BMOy-HRW (horizontal rim width computed based on the manual BMOy
points).

e BMOy-MRW (minimum rim width computed based on the manual BMOy
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points).

e BMOA-MRW (minimum rim width computed based on the automated BMO o
points).

e When EOBT was present, surface-to-surface measure, EOBT-MRW (mini-
mum rim width computed from the anterior surface of border tissue).

e When EOBT was present, EOBTE-MRW (minimum rim width computed

from the ending point of the anterior surface of EOBT).

5.1.3 Structure-Structure Correlations of MRW and
HRW with RNFLT

In order to evaluate the measurements, the structure-structure correlation of each
measurement with RNFLT was computed. The polar plane was divided into four
regions of temporal, nasal, superior, and inferior and all the measurements associated
with a subject were averaged for each of the four regions. The grid was also rotated
7 degrees to take into account the angle of the line connecting the macula and the
center of the optic disc [111]. In addition, all left eyes were flipped to have the
same orientation as right eyes. The RNFLT was measured on a wedge-shape portion
of each region. The wedge-shaped region was bounded by two radii (1.58 mm and
1.88 mm) around the standard peripapillary radius (1.73 mm) in the radial direction
(Fig. 5.6). The mean value of RNFLT was computed in each wedge-shaped region
and was correlated using Pearson correlation with the corresponding mean values of

rim-width measurements.

5.2 Results
Out of 44 patients in the dataset, 27 patients (61%) showed EOBT in at least
one radial B-scan. The distribution of B-scans having EOBT is shown in Fig. 5.7a
which shows that EOBT was more common on the temporal side than on the nasal

side. In 45% of the radial B-scans with EOBT, the closest point to the ILM fell on
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Figure 5.6: The shaded region shows where the mean RNFLT is calculated for the
temporal region. (b) The mask created in (a) on top of an RNFLT map.

the anterior surface of EOBT rather than on the BMO for which the distribution is
illustrated in Fig. 5.7b. In EOBT cases where the closest point fell on the EOBT,
the average distance of this point from the BMO was 100 + 161 pm.

All structure-structure Pearson correlations of RNFLT with BMOy-MRW,
BMO,-MRW, EOBT-MRW, and EOBTg-MRW in the presence of EOBT are shown
in Table 5.1. The method proposed by Zou et al. [112] for comparing two overlapping
correlations based on two dependent groups was utilized to compare all Pearson cor-
relations reported in Table 5.1. The results showed no significant difference between
the Pearson correlation of BMOy-MRW with RNFLT and that of BMO,-MRW and
EOBT-MRW (p > 0.05). However, the Pearson correlation of EOBTg-MRW with
RNFLT was significantly lower than that of BMOy-MRW (p < 0.05).

The Pearson correlations of RNFLT with BMOy-MRW, BMOA,-MRW, and
BMOy-HRW where all B-scans were included, are reported in Table 5.2. No signif-
icant difference was found [112] between structure-structure correlations of BMOy-
MRW and BMOA-MRW with RNFLT (p > 0.05). However, the Pearson correlation
of RNFLT with BMOy-MRW was significantly higher than that of BMOy-HRW with
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Figure 5.7: (a) The distribution of EOBT B-scans and (b) the distribution of EOBT
cases where the closest point to the ILM surface fell on the anterior surface of the
border tissue.

Table 5.1: The Pearson correlation coeflicients of RNFLT and different MRW measure-
ments in all regions where only B-scans containing EOBT were included.

Region @ RNFL-BMO,; RNFL-BMO, RNFL-EOBT RNFL-EOBTg

Temporal 0.77 0.73 0.76 0.52
Superior 0.66 0.64 0.63 0.41
asal 0.40 0.43 0.40 0.35
Inferior 0.63 0.64 0.60 0.47
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RNFLT (p < 0.05).

5.3 Discussion and Conclusions

While recent work has demonstrated benefits in using Bruch’s membrane opening-
minimum rim width (BMO-MRW) for the assessment of glaucoma, the frequent am-
biguity in automatically detecting Bruch’s membrane opening in the presence of ex-
ternally oblique border tissue (EOBT) motivated us to define an alternative rim-
width-based parameter in the presence of EOBT — externally oblique border tissue-
minimum rim width (EOBT-MRW) — and to compare it with existing rim-width
parameters. More specifically, in this chapter, we examined the structure-structure
correlations of two recently proposed rim-width-based measures (Bruch’s membrane
opening-minimum rim width, BMO-MRW, and Bruch’s membrane opening-horizontal
rim width, BMO-HRW) and our newly proposed rim-width-based measure (EOBT-
MRW) with retinal-nerve-fiber-layer thickness (RNFLT). Our experiments showed
that in presence of EOBT, there was no significant difference between structure-
structure correlations of BMO-MRW and EOBT-MRW with RNFLT. Furthermore,
the correlation of BMO-MRW with RNFLT was higher than that of BMO-HRW,
which indicates BMO-MRW better demonstrates the remaining neuroretinal rim tis-
sue than BMO-HRW. This was expected as BMO-HRW, by definition, is not always
the shortest distance to the ILM surface, which makes this measurement prone to
overestimating the neuroretinal rim tissue. Our results are also consistent with the
results of previous works [3,109] that showed MRW is superior to for diagnosis of
open-angle glaucoma [3].

Being able to use EOBT-MRW (a surface-to-surface measure) rather than BMO-
MRW (a point-to-surface measure) is especially important when considering the op-
tions for providing automated MRW measurements (and for the evaluation of associ-
ated automated algorithms). In particular, if an algorithm is able to find the entire

BM surface (including the EOBT extension), our data suggests that this should be
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Table 5.2: The Pearson correlation coefficients of RNFLT with HRW
and two MRW measurements in all regions where all B-scans were

included.
MRW HRW
Region RNFL-BMOy,; RNFL-BMO, RNFL-BMOy
Temporal 0.64 0.65 0.43
Superior 0.61 0.66 0.55
asal 0.71 0.66 0.52
Inferior 0.62 0.62 0.44

sufficient for computing the MRW (as long as the MRW is computed by finding a
surface-to-surface distance) rather than needing to precisely locate the BMO point.
Because it is our experience that finding the entire surface (to include the EOBT
extension) can sometimes be easier (for computers and humans) than finding the
BMO endpoint, this is encouraging to allow for alternative means for automating
the computation of the MRW. This also has implications for carefully considering
how one should evaluate automated algorithms to segment the BMO when the final
desired measurement is the MRW. For example, our automated approach detects the
BM surface along with the opening (BMO,) using a graph-theoretic approach [24].
This approach occasionally, when EOBT exists, segments the extension of border
tissue as part of the BM surface and identifies the BMO, along the anterior surface
of border tissue (because of merging the BM surface endpoint with the extension of
border tissue). In order to examine the MRW measure of the automated approach,
we compared the MRW measures computed using manually identified (BMOy;) and
automatically identified (BMO») BMO points. While all B-scans were included no
significant difference was found between the structure-structure correlations of RN-
FLT with BMOy-MRW and BMO,-MRW.

It is important to note that our results are not suggesting that one can arbitrarily

compute the MRW from any point along the EOBT and expect to have a measure
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that is similar to that of the BMO-MRW; rather it should be measured at the point
where the EOBT and ILM surfaces have the shortest distance from each other. To
further demonstrate this, we measured the distance of the ending point of the border
tissue (as an arbitrary point on the anterior surface of EOBT) to the ILM surface and
compared the correlation with RNFLT of this measurement with that of BMOy;-MRW
with RNFLT. The BMOy;-MRW had a significantly higher correlation than EOBTg-
MRW with RNFLT which indicates that the new MRW cannot be measured from
an arbitrary point along the anterior surface of EOBT; rather, it must be computed
from the shortest distance between two surfaces.

After all, as RNFLT is an imperfect indicator of true retinal ganglion cell axon
tissue, utilizing RNFLT might not be the best way to compare the performance of
different MRW measurements. Therefore, the current study does not suggest that
EOBT-MRW has an equivalent glaucoma diagnostic performance to that of BMO-
MRW. In addition, having a larger dataset containing greater number of scans with
EOBT might enable us to find a significant difference between two MRW measure-
ments.

In conclusion, although identifying the exact location of BMO for computing the
point-to-surface shortest distance parameter (BMO-MRW) in presence of EOBT is
difficult, the surface-to-surface shortest distance (EOBT-MRW), could be considered
as a relaxed substitute for BMO-MRW as both parameters share the same intent of
measuring the remaining neuroretinal rim tissue. This is expected to lead to more
consistent and reliable automated approaches for computing minimum-rim-width in

a clinical setting.
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CHAPTER 6
MULTIMODAL REGISTRATION OF SD-OCT VOLUMES AND
FUNDUS PHOTOGRAPHS USING HISTOGRAM OF ORIENTED
GRADIENTS

Fundus imaging and spectral domain-optical coherence tomography (SD-OCT)
are two common types of imaging modalities that provide different information about
the human retina. Fundus imaging is referred to as the process of acquiring a 2D
representation of the 3D retina by means of reflected light. With this definition,
the broad category of fundus imaging includes modalities/techniques such as red-free
fundus photography, color fundus photography, stereo fundus photography, scanning
laser ophthalmoscopy (SLO), and fluorescein angiography [50]. On the other hand,
spectral-domain OCT, despite its recent appearance (the first SD-OCT device became
commercially available less than 10 years ago [113]), has been the clinical standard
of care for several eye diseases [50]. Both fundus and OCT imaging techniques are
vastly utilized in diagnosis and management of eye diseases such as diabetic retinopa-
thy, glaucoma, and age-related macular degeneration (AMD). Moreover, studies have
shown that combining complementary information from both sources is beneficial for
automated segmentation of retinal structures such as blood vessels [93] and optic disc
and cup boundaries as discussed in Chapter 4. However, the performance of these
multimodal segmentation approaches is dependent on the quality of the registration.
For instance, in [93], a few scans were excluded from the test set due to relatively
large registration errors.

As mentioned above, there are various techniques for retinal imaging each of which
produces different types of images (i.e. with different size, resolution, and intensity
profile) from the retina. There has been a great deal of effort through a variety of
techniques on registering retinal images generated by different modalities [78-84, 86,
114-119]. Some of the previous works focused on stitching (mosaicing) images of

the same modality with the aim of obtaining a broader field of view [85, 86, 115].



In contrast, there are works that attempted to register multimodal retinal images
including fluorescence angiogram and red-free fundus pairs [78,116, 120], SLO and
color fundus photographs [90,121], SD-OCT and color fundus photographs [22, 90—
92,122]. The focus of current work is on multimodal registration of fundus and SD-
OCT modalities.

Generally, the pixel intensities between multimodal retinal image pairs might be
different; however, compared to other types of multimodal retinal imaging, the in-
tensity profiles of color fundus photographs and SD-OCT images are substantially
different. Hence, in order to benefit from the most dominant structural information
that both modalities share (i.e. retinal blood vessels), the current color fundus and
OCT registration methods [22,91,92,122] include a vessel segmentation step as part
of their algorithms. The retinal vasculatures are the best candidates for identifying
the corresponding points (e.g. blood vessel bifurcations and crossing points or blood
vessel ridges) between two modalities.

However, the vessel segmentation errors, in either modality, could potentially
introduce some errors to the registration process as the corresponding points between
image pairs are identified from the blood vessel maps. For instance, the method
proposed in [95] for blood vessel segmentation from SD-OCT modality could produce
false positives due to the presence of the optic nerve head region [93]. Additionally,
segmenting the blood vessels from both modalities is a time-consuming task which
necessitates additional considerations (e.g. parameter tunning) when the dataset
contains different fundus photographs (stereo and non-stereo fundus photographs)
with different scales and sizes such as the one used in this work. The purpose of this
work is to propose a feature-based registration method that is capable of aligning
fundus and SD-OCT modalities without requiring blood vessel segmentation.

Feature-based registration methods have been used for aligning retinal images

and demonstrated successful results [58,85,86,119]. Control points detection is a
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very important step in feature-based registration algorithms as the final landmarks
that are used for computing the registration transformation, are selected from the
CPs. We propose to identify the CPs by detecting the corners (i.e. points for which
there are two different dominant edge directions in a local neighborhood of the point)
in the images using features from accelerated segment test (FAST) corner detection
approach [123,124] which, as its name suggests, is very fast and computationally
efficient.

In particular, the proposed method starts with a few preprocessing steps including:
1) creating a 2D projection image from the 3D SD-OCT volume, 2) enhancing the
contrast of the images, and 3) rescaling the fundus photographs. Next, the control
points, which are identified by FAST corner detection, are represented by a descriptor.
More specifically, in order to avoid the use of intensity information and benefit from
the structural features (i.e. retinal vasculature) without attempting to segment the
blood vessels, histogram of oriented gradients (HOG) [125] is employed as the CP’s
descriptors. The approximate nearest neighbor method [126] is utilized in a forward-
backward fashion to identify the matching descriptors. Finally, after removing the
incorrect matches, the registration transformation is calculated using random sample

consensus (RANSAC) method [127].

6.1 Methods
The overall flowchart of the proposed method is depicted in Fig. 6.1 and can
be summarized in five major steps as follows: 1) a preprocessing step including
SD-OCT projection image computation, contrast enhancement, and fundus images
rescaling (Section 6.1.1), 2) identifying the control points (Section 6.1.2), 3) comput-
ing gradient-based features (Section 6.1.3), 4) feature matching (Section 6.1.4), and

5) calculating the transformation (Section 6.1.5).
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Preprocessing Automatic Point Selection

Control Point Detection
Contrast Enhancement Using FAST Corner
Detection

Registered Fundus

Rough Segmentation of
Optic Discs Using Circular
Hough Transform

HOG Feature Extraction &
Feature Matching

Rescale Fundus Image s.t. Incorrect Matches
Optic Discs Have Similar Removal & Control Point
Fundus Photograph Refinement

Figure 6.1: Flowchart of overall method.

6.1.1 Preprocessing

In order to be able to register the 2D fundus photographs to the 3D SD-OCT
volumes, a 2D projection image of the volume is required. The OCT projection
image is obtained using the method proposed in [16] where a multi-resolution graph-
theoretic approach is employed to segment the intraretinal surfaces within the 3D
SD-OCT volumes [16,44] as discussed in Chapter 3. In order to obtain the projection
image, two intraretinal surfaces are segmented: the junction of the inner and outer
segments of photoreceptors (IS/OS) and the outer boundary of the Retinal Pigment
Epithelium (RPE), also called the Bruch’s membrane (BM) surface. A thin-plate
spline is fitted to the BM surface from which the OCT volume is flattened to obtain
a consistent optic nerve head shape across patients [44]. The SD-OCT projection
image is computed by averaging the voxel intensities in the z-direction between the
IS/OS junction and BM surfaces (Fig. 6.2).

Two types of color fundus photographs exist in the dataset used in this work: 1)
stereo fundus images (Fig. 6.3a covering almost 20 degrees field of view), where the
optic nerve head region of the retina is imaged from two different angles and placed
side by side, and 2) ONH-centered non-stereo fundus photographs (Fig. 6.3b), which
cover a broader field of the retina (35 degrees). For the stereo fundus photograph

pairs, the image that has higher quality and less imaging artifact is selected to be
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(d)

Figure 6.2: An example of intraretinal surface segmentation. (a) The central OCT
B-scan and the segmented surfaces: blue is the IS/OS junction, yellow is the BM
surface, and pink is the thin-plate spline fitted to the BM surface. (b) The 3D view
of the segmented surfaces. (c) The flattened OCT B-scan. (d) The corresponding
OCT projection image.

considered for the registration. In addition, there is extra information included on the
fundus photographs (e.g. dates, text, and color bars) which produce strong corners
which could distract the registration process and so were automatically removed from
the images. Here, a binary mask indicating the region of interest of each image was
produced by thresholding the images following by a morphological opening operator
(Fig. 6.3).

Furthermore, the blood vessels have the highest contrast in the green channel of
the fundus photographs; hence only the information of the green channel was used
in our method. The control points in the images were detected by looking for the
corners, which are sensitive to the pixel intensities; therefore, in order to increase the
chance of finding the best matching points, the number of CPs needs to be maximized.
Consequently, the contrast of both fundus photographs (green channel) and the OCT
projection images were enhanced and normalized using the contrast limited adaptive
histogram equalization (CLAHE) method [128].

Since the images are from different modalities, they differ in size and resolution.
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Green Channel Enhanced

()

Figure 6.3: Example preprocessing steps on two types of fundus photographs in the
dataset. The interfering details included on the images are shown with green arrows.
Dates are covered for privacy. (a) Stereo fundus photographs containing large imaging
artifact due to which the left-side photo was selected for further processing in (c).
(b) A low-contrast regular fundus photograph. (c¢) The binary masks that remove the
interfering details, the selected fundus image, the green channel, and the enhanced-
contrast images corresponding to the examples shown in (a) and (b).
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Moreover, the size and resolution of two types of fundus photographs in the dataset
are completely different from each other. In order to bring all the images to a similar
scale and resolution, the fundus photographs are scaled such that their optic disc has
a similar size as the optic disc in their corresponding OCT projection image. Since
the optic disc has roughly a circular shape, the location and size of optic disc in
both modalities is approximated using a circular Hough transform. First, a grayscale
morphological closing operator with a ball-shaped structuring element is applied to
both enhanced images in order to remove the blood vessels (attenuate the dark fea-
tures in the images). Subsequently, the gradient of the closed image is computed
and the circular Hough transform is applied to the gradient magnitude image. The
center and radius of the most dominant circle in the fundus (cy,7s) and OCT (c¢,, 7))
images estimates the optic disc location and size in both modalities, respectively
(Fig. 6.4). Since the resolution of the OCT projection images are consistent in the
entire dataset, both stereo and non-stereo fundus photographs are scaled (according

to their corresponding OCT projection images) such that r; = r,.

6.1.2 Control Point Detection

A control point (aka interest point) is a pixel which has a well-defined position
and can be robustly detected. Two properties of interest points are having high
local information content and repeatability between different images. Identifying
sufficient number of CPs in images is a key in feature-based registration methods
as lack of a sufficient number of CPs increases the risk of unsuccessful registration
or decreases the robustness of the method significantly. Bifurcations are reasonable
candidates to be utilized as CPs due to the fact that the blood vessels structure remain
unchanged between modalities. However, obtaining bifurcations requires segmenting
the blood vessels from both modalities which could be challenging in poor quality
images. Hence, instead of looking for bifurcations, we proposed to utilize corners in

images as the CPs. Features from accelerated segment test (FAST) [123,124] was
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Figure 6.4: An example of optic disc localization using circular Hough transform. (a)
From left to right are the enhanced OCT projection image, the blue circle representing
the optic disc overlaid on top of the closed image, and the Hough map from which
the dominant circle is identified, respectively. (b) The same sequence of images as in
(a) showing identifying the optic disc from the fundus photograph.
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employed to detect corners in the image as this method has a high accuracy and
robustness and is able to find the corners very fast. Consequently, there is no need
for vessel segmentation and by detecting corners, most of the bifurcations are also
detected as they resemble corners in the images.

The FAST corner detection algorithm determines whether a pixel is a corner
utilizing its neighboring pixel intensities. More specifically, consider an image [ and
a query pixel p, which is to be identified as a corner or not, with the intensity of I,
and also consider a Bresenham circle of radius 3 containing 16 pixels surrounding the
pixel p [124]. The pixel p is identified as a corner if the intensities of N contiguous
pixels out of the 16 are either above (I{yy > I, + T) or below (I{nyy < I, + T the
intensity of the query pixel, I,. T is a predefined threshold value and Iyy} is the
intensity of N contiguous pixels where N € {9,10,11,12}. The algorithm quickly
rejects the pixels that are not a corner by comparing the intensity of pixels 1, 5, 9
and 13 of the circle with I, (Fig. 6.5). If the intensities of at least three of these four
locations are not above I, +T" or below I, — T, then p is not a corner, otherwise, the
algorithm checks all 16 points. This procedure repeats for all pixels in the image. In
order to avoid the distraction caused by the magnified background noise (produced
in the contrast enhancement step) and obtaining so many corners on the background
(especially for OCT projection image), a smoothing Gaussian filter is applied to the

images before corner detection (Fig. 6.6).

6.1.3 Gradient-Based Feature Computation
The method proposed in this work for extracting features has similarities with
SIFT descriptors and is inspired by the descriptor proposed in [125] for human de-
tection. The basic idea behind the feature computation method is characterizing the
local appearance of each CP’s neighborhood by distribution of local intensity gra-
dients or edge directions. More specifically, the neighborhood of size MN x M N

around each control point is defined using small spatial block which is divided into
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Figure 6.5: Illustration of Bresenham circle containing 16 pixels (the red boxes)
around the query point p. An example of N contiguous pixels (for N = 9) is shown
with the cyan dashed line [123].

(b)

Figure 6.6: An example of control point (corner) detection from (a) OCT projection
and (b) fundus images using FAST corner detection method.
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Figure 6.7: An example of HOG descriptor computation from (a) OCT projection
and (b) fundus images for a block size of 4 x 4 and a cell size of 4 x 4. The four
strongest control points and their corresponding HOG blocks are shown on the left
and for better visualization a zoomed-in illustration of one of the blocks with its
corresponding CP (in blue) is shown on the right.

N x N smaller cells of size M x M. The gradient direction and magnitude of all pixels
inside each block are computed and for each cell in the block, a histogram of gradi-
ent directions (i.e. edge orientation) are computed such that the gradient directions
are weighted by their corresponding gradient magnitudes. The gradient directions
are limited to [0°,180°) and binned into 8 bins of [0°,22.5°,...,157.5°] (Fig. 6.7).
Constraining the directions to 180° instead of 360° causes the histogram to be less
distinctive, but at the same time, more robust to the intensity change which is quite
possible between multimodal images. The histograms from all cells in the block are
concatenated to form a 1-D vector of size 8 x N x N. In order to further the in-
variance to affine changes in illumination and contrast, all histograms in a block are
normalized such that the concatenated feature vector has a unit size. Therefore, the
normalized concatenated vector, which includes the components of all normalized cell
histograms in a block, is called the histogram of oriented gradient (HOG) descriptor
and represents the local shape characteristics (e.g. gradient structure) of each CP’s

neighborhood.
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6.1.4 Feature Matching

In order to find the best matching CPs between a pair of multimodal images,
the method in [126] for identifying the approximate nearest neighbors in high di-
mensions was employed. The method eliminates ambiguous matches in addition to
using the match threshold. A match is considered ambiguous when it is not re-
markably better than the second best match. Assume H; = {hs1, hso,... . hyn}
and H, = {h0,1, hogo, .. ho M} represent the sets of HOG feature vectors from fun-
dus and OCT images, respectively. Here is how the best matching feature from H,

corresponding to hy; is identified:

e First, the sum of squared differences between hy; and all vectors in H, is com-
puted as in Eq. 6.1. The feature vectors having a distance larger than a match

threshold (here 0.2) are eliminated from further investigation.

128
2

DFO(LZ):Z[th(])_hO,Z(j)} ) Z:1727 7M (61)
j=1
e The ambiguous match ratio is calculated by dividing the distance of second
nearest neighbor feature vector by the distance of first nearest neighbor feature
vector.
e [f the match ratio between the two distances is smaller than a predefined ratio

threshold, the match is considered ambiguous and eliminated.

The method iterates over H; until all feature vectors are examined. Even though
this approximate nearest neighbor method produces more reliable matches, if the
images contain repeating patterns (which is not the case for retinal images), the
corresponding matches are likely to be eliminated as ambiguous. In order to be more
conservative, the ratio threshold was set to 0.8 in this study.

Identifying the match pairs utilizing the method described above had the potential

to result in assigning a feature vectors from H, to multiple feature vector from H;
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Figure 6.8: Illustration of feature vector matching using approximate nearest neighbor
method in forward (blue) and backward (red) modes. The final matching feature
vectors set (green) only includes the common pairs between forward and backward
modes.

due to the fact that the iterations are performed independently from each other. In
order to solve this issue and identify unique matches, a forward-backward search is
performed. Hence, in the backward mode, the same procedure applies to H, and
the best matching feature vectors from H; are identified. The set of final matching
pairs, S, includes only the unique matches which are common between forward and

backward modes (Fig. 6.8).

6.1.5 Transformation Computation
The set of matching CP pairs detected in Sec. 6.1.4 are utilized to compute the
transformation matrix. However, the algorithm does not guarantee 100% accuracy
in matching CPs which results in possible incorrect matches. Therefore, the incor-

rect matching pairs are identified using the geometrical distribution of all matching

pa‘irs' Assume 81><L = {(pf(xlu y1>7p0(x17 yl)) Yt (pf(x[n yL>7po(xL7 Z/L)) } Then7

t'L in the image domain as well as

the Euclidean distance between all CP pairs, dis
the mean, dist,,, and standard deviation, dist,y, of the distance vector are computed.
Consider a pair, (ps(%,¥:), Po(2i,yi)), and its corresponding distance, dist®. If the
points are too close to each other (dz’st(i) < dist,, — distgq) or too far from each other

(dist,, + disteq < dist™), the pair is marked as an incorrect matching pair (Fig. 6.9).

Here, in order to be more conservative and keep the high quality matches, the points
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Figure 6.9: An example of incorrect pair removal. (a) Shows the yellow lines connect-
ing the corresponding matching pairs between images identified using the approximate
nearest neighbor described in Sec. 6.1.4. The incorrect pairs are eliminated in (b).

with the distance of only one standard deviation from the average distance, dist,,,
were marked as outliers. Identifying the incorrect matching pairs using this procedure
is achievable under the assumption that the number of correct pairs are more than
incorrect pairs and the images are in similar scales, there is no reflection involved,
and the rotation needed to align the multimodal retinal images is minimal.

In addition to removing the incorrect matches, a refinement step is applied to
the CP pairs which allows for small adjustments of CP locations within a small
neighborhood of each CP (5 x 5 window). The refinement step exists for two reasons:
1) to account for possible errors in corner (CP) detection due to presence of noise,
imaging artifacts and low contrast and 2) since the images come from two different
modalities with significantly different intensity profiles, it is possible that pixels in
the neighborhood of the CP are actually better matching candidates than the CP
itself. Thus, the HOG feature vector is computed for all 25 pixels inside each CP’s
neighborhood (in both modalities) and the two feature vectors with minimum distance
in the feature space are identified and their corresponding pixels are considered as
the new CPs. Note that, both, one, or none of the CPs could be updated through

the refinement step.
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Table 6.1: Quantitative evaluation of the registration using RMS error. All cases
are included.

Methods mean+SD (mm) mean+SD (p) max (mm) max (p)
ICP registration [22] 0.110+0.063 3.67+2.13 0.406 13.54

Manual 0.030+£0.025 1.0240.85 0.157 5.23
Proposed method 0.055+0.039 1.85+1.29 0.264 8.81

In order to estimate the affine transformation, random sample consensus
(RANSAC) method is utilized [127]. Despite removing the incorrect matches from the
matching set, the chance of presence of incorrect matching CPs is not zero. Therefore,
the objective is to robustly calculate the transformation from § which may contain

outliers (i.e., low-quality or incorrect matches). The algorithm performs as follows:

1. Randomly select a subset of three pairs s from S and instantiate the affine
transformation from this subset. Here, the sampling is with replacement.

2. Apply the transformation to the rest of pairs in the set and determine the set of
pairs §; which distance of the transformed control point in fundus image, cpy,
from its corresponding control point in OCT image, cp,, is less than a predefined
threshold. The set S; is the consensus set of the sample and defines the inlier
pairs of S.

3. Repeat the previous two steps a large number of times and select the largest
consensus set §;. The affine transformation is re-estimated utilizing all the CP

pairs in the subset S; [127].

6.2 Experimental Methods
6.2.1 Data
The performance of the proposed method was evaluated on a multimodal dataset
including color fundus photographs and the SD-OCT volumes of of 44 open-angle

glaucoma or glaucoma suspect patients. The optic nerve head (ONH)-centered SD-
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OCT volumes were acquired using a Cirrus HD-OCT device (Carl Zeiss Meditec, Inc.,
Dublin, CA) in one eye (per patient) at the University of lowa. Each scan has a size
of 200x200x 1024 voxels (in the z-y-z direction, respectively) which corresponds to a
volume of size 6x6x2 mm? in the physical domain, and the voxel depth was 8 bits in
grayscale. Additionally, the optic disc region of each patient’s retina was also imaged
using a fundus camera. Almost half of the patients (twenty-four) were imaged using
a stereo-base Nidek 3-Dx stereo retinal camera (3072x2048 pixels). The remaining
twenty patients had regular color fundus photograph acquired using a Topcon 50-DX
camera (2392x 2048 pixels). The pixel depth was 3 8-bit red, green and blue channels.
Some of those pairs were taken at the same day, while others were taken months or

even more than a year apart.

6.2.2 Experiments

Since we are registering multimodal images with completely different intensity
profiles, in order to quantitatively evaluate the proposed method, the intensity-based
metrics are avoided and the evaluation is performed using point-based metrics. The
reference standard needed for the point-based evaluation is obtained by identifying
a set of landmark pairs from the original images manually. In order to assure the
collection of appropriate landmarks capable of a fair evaluation, we marked five pair
of points that were not too close to each other and as much as possible were fairly
distributed. The manual landmarks are mostly selected from the vasculature re-
gions that create unique and recognizable points in both images such as corners and
bifurcations. The manual registration was performed by computing the affine trans-
formation using three randomly selected pairs from the set of landmarks identified
for the evaluation purpose.

In order to present comparative results, in addition to the manual registration,
the performance of the proposed method was also compared to our previous iterative

closest point (ICP) registration approach reported in [22] and used in Chapter 4.
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The ICP-based method does not use the intensity information; however, as part of
the algorithm, blood vessels need to be extracted and the registration transformation
is actually computed using the vessel maps. The registration accuracy was evaluated
using root mean square (RMS) error which measures the amount of misalignments
between the manual landmarks of OCT images and their corresponding transferred

landmarks of fundus photographs:

1 )
RMS = 5 Z ||po,i —pf,z'”2 ) (6-2)
=1

where p,; and pys, are the i-th manual point in OCT image and its corresponding
transferred manual point in the fundus photograph, respectively. The mean, standard
deviation, and the maximum of RMS errors of the manual and automated approaches
were compared. Furthermore, the running time and the success rate of the registration
methods were compared to each other. The registration was considered successful if
the RMS error was less than or equal to 10 pixels (0.3 mm). The running time of
the manual registration includes the required time for manual landmark identification
and transformation computation. All experiments were performed using a PC with

Windows 7 64-bit OS, 64 GB RAM, and Intel(R) Xeon(R) CPU 3.70 GHz.

6.3 Results

Fig. 6.10 shows the comparative results of registering two pairs of fundus (stereo
and non-stereo) and OCT images using ICP, manual, and the proposed methods.
The checkerboard images are provided for qualitative comparison of the registration
results. Quantitatively, the mean, standard deviation, and the maximum RMS error
calculated using the entire dataset is reported in Table 6.1. Based on the RMS
values, the manual registration and the proposed method had significantly smaller
errors than the ICP registration method (p < 0.05). However, the RMS errors of

the manual registration were not significantly different from the proposed method
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Original Pairs ICP Manual Proposed

Figure 6.10: Examples of successful registration results using ICP [22], the manual,
and the proposed methods. The green frame in (A) indicates the left image was
selected for the registration. The checkerboard of the registered pairs are also provided
for qualitative comparison of the registration results. The corresponding RMS errors
of the methods are also shown in the green boxes.

(p < 0.05).

The success rate and the running time of the registration methods are reported in
Table 6.2. Similar to the manual registration, the proposed method achieved a 100%
success rate; however, the ICP registration method failed to successfully register five
cases. The running time of the proposed method was significantly lower than the
manual and the ICP registration methods (p < 0.5). Similarly, the running time of

the ICP registration method was significantly smaller than the manual registration
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Figure 6.11: Examples of failed registration (RMS error > 10) using ICP method
where the manual and proposed methods did not fail. Low imaging quality in (A)
and the motion artifacts (located inside the red ovals) in (B) and (C) also caused a
larger registration errors for the proposed methods. The corresponding RMS errors
of the methods are also shown in the green boxes.

86



Table 6.2: The success rate and running time (s) computa-

tion.
Methods success rate (%) running time (s)
ICP registration [22] 88.64 28.45
Manual 100 75.71
Proposed method 100 2.34

(p < 0.05). Additionally, Fig. 6.11 shows ICP registration failures (i.e. the RMS error
was greater than 10 pixels) due to having low imaging quality and presence of motion
artifact in OCT projection image. The manual and the proposed methods did not

fail; however, they produced slightly larger registration errors.

6.4 Discussion and Conclusion

In this chapter, we proposed a feature-based registration method for aligning
optic nerve head-centered SD-OCT volumes and fundus photographs. Since the in-
tensity of the images are substantially different, the registration needs to rely only
on the structural features that the image pairs have in common. Whereas previously
proposed fundus and SD-OCT registration approaches often include a vessel segmen-
tation step as part of their algorithms where the errors in vessel segmentation could
potentially propagate into the registration process as well, in this work, we employed
the histogram of oriented gradient features to capture the structural information in
the images so as not to require the segmentation of blood vessels. Eliminating the
vessel segmentation step is beneficial as it prevents propagating the possible segmen-
tation errors (e.g. false positives in the vessel maps near the optic disc [93]) to the
registration process. Additionally, removing the vessel segmentation step reduces the
required time for registering the fundus and OCT image pairs.

In addition to significant intensity change between image pairs, which is one item

that differentiates fundus/SD-OCT registration from other types of retinal image
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registration, existing very low-contrast fundus photographs and presence of extra text
information on the stereo fundus photographs when the second pair is not available
(Fig. 6.10.A) and the presence of imaging artifacts in SD-OCT projection images
cause the registration to be more challenging. Since acquiring SD-OCT volumes
takes a few seconds, the OCT projection images could suffer from motion artifact
(Fig 6.11.B and 6.11.C). Volume truncation is another type of SD-OCT imaging
artifact which appears as a black region in the projection image (Fig 6.11.B) and
causes the registration to be difficult. However, since the transformation matrix is
computed using RANSAC algorithm with enough number of matching CPs between
two modalities, our proposed method was able to successfully manage the imaging
artifacts.

Additionally, our proposed method needs on average less than 3 seconds to perform
the registration which is considerably fast. The most time consuming part of typical
feature-based registration algorithms is identifying the control points for which all
pixels in both images need to be examined. However, utilizing FAST corner detection
for identifying the control points in our proposed method has the advantage of quickly
rejecting the pixels that are not corners using a computationally efficient test on the
neighboring pixels of the query pixel.

Furthermore, the proposed method is capable of registering the macular-centered
OCT volumes and fundus photographs which do not contain the optic nerve head
region. Since the optic disc appears differently in OCT projection images and fundus
photographs, absence of optic disc makes registering the macular-centered retinal
images less challenging. Moreover, the applications of the proposed method could
potentially be extend to retinal mosaicing and registering other multimodal retinal
images such as fluorescein angiography, SLO, and red-free fundus photographs. Our
proposed method could also be extended for the registration of other image pairs,

such as corneal nerve images.
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Even though the histogram of orientated gradient features are not rotationally
invariant, they were suitable for registering the multimodal retinal images in our
dataset, due to the fact that both modalities are acquired in the optic nerve head-
centered mode and therefore, significant rotations are not required for aligning image
pairs. However, employing the proposed method in other applications, where rota-
tion is necessary to register two images, requires replacing HOG with relative HOG
(RHOG) features which are rotationally invariant as they are computed with respect
to the main orientation of the control points. The main direction of each CP is
obtained by computing the resultant of gradient directions of all pixels inside the
neighborhood of each CP using a 2D Gaussian kernel.

In summary, our proposed feature-based registration method was capable of regis-
tering stereo and color fundus photographs to their corresponding SD-OCT projection
images. In particular, after creating the 2D projection image from the SD-OCT vol-
ume, the contrast of the both modalities were enhanced and the fundus photographs
were scaled such that the size of optic discs, which was approximated using a circu-
lar Hough transform, in both images became similar. Next, FAST corner detection
was utilized to identify the control points in both images. The histogram of oriented
gradients was capable of capturing the structural profile of each CP’s neighborhood
without segmenting the blood vessels. In order to identify the best matching CPs,
an approximate nearest neighbor method was utilized in the forward-backward mode
which determines the best matching CPs by calculating the distances descriptors in
the feature space. After removing the incorrect matches and refining the CP loca-
tions, the best affine transform that registered the image pairs was calculated using
RANSAC algorithm. Our feature-based registration method is very fast and outper-

formed our previous ICP registration method described in Chapter 4.
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CHAPTER 7
INCORPORATION OF GRADIENT VECTOR FLOW FIELD IN A
MULTIMODAL GRAPH-THEORETIC APPROACH FOR
SEGMENTING THE INTERNAL LIMITING MEMBRANE FROM
GLAUCOMATOUS OPTIC NERVE HEAD-CENTERED SD-OCT
VOLUMES

The content of this chapter is presented in [129]. The top surface of the retina
and optic nerve head is called the internal limiting membrane (ILM) and is uti-
lized for measuring several structural parameters such as Bruch’s membrane opening-
minimum rim width (BMO-MRW), total retinal thickness, and cup volume. Besides
computing structural parameters from SD-OCT volumes, having a precise ILM sur-
face segmentation is also necessary for extracting different features from SD-OCT
volumes in approaches that utilize machine learning-techniques for segmenting differ-
ent retinal structures such as retinal blood vessels, BMO points, optic disc, and optic
cup [16,22,88,102].

There has been a great deal of research in segmenting the intraretinal surfaces in-
cluding machine-learning based approaches [34-36], model based approaches [38,40],
and graph-based approaches [16,24,41,44,130]. However, precisely segmenting the
ILM surface in optic nerve head (ONH)-centered OCT, as needed for computing pa-
rameters such as the BMO-MRW of glaucoma patients, is more challenging than
segmenting the ILM from a macular-centered OCT volume. The reason is that, due
to the presence of deeper cups in glaucoma patients, the morphology of the ILM
surface in the ONH region is very different from that of the macular region. Hence,
many graph-based segmentation approaches [16,44] initially designed to segment the
intraretinal layers of the macula or the peripapillary region surrounding the ONH
cannot catch the deep, steeply sloped cups which are characteristics of a glaucoma-
tous ONH. This is due to the fact that the corresponding graph of the OCT volume is
constructed such that each A-scan corresponds to a column in the graph and the ILM

surface must intersect with each column only once. However, precise segmentation of



the ILM surface inside the large and deep cups, present in glaucomatous OCT vol-
umes, requires to intersect with each A-scan multiple times or to allow for sharp and
large transitions (Fig. 7.1a). Shah et al. proposed a graph-theoretic segmentation
method using the range expansion algorithm such that the sharp transitions were not
penalized heavily [130]. More specifically, a truncated convex function was utilized for
controlling the surface smoothness which allowed to preserve the discontinuity of the
ILM surface while encouraged the smoothness. Even though this method improved
the performance of its previous generations (i.e. [16,44]) in segmenting the ILM sur-
face within deeper cups, however, there is a trade-off between preserving discontinuity
and obtaining a smooth ILM segmentation. Furthermore, the approach did not allow
for multiple intersections with A-scans. Consequently, in the presence of steep slopes,
many current ILM segmentation approaches would lead to underestimation of mea-
surements such as cup volume (the volume between the ILM surface and the BMO
reference plane) as shown in Fig. 7.1b and overestimation of measurements such as
minimum-rim width.

In addition to the presence of steep slopes, the presence of large retinal blood
vessels, which is characteristic of the ONH region, causes the accurate segmentation
of the ILM surface to be difficult. The large blood vessels located closer to the top
surface of the retina are able to change the topology of the ILM surface. Since the
current segmentation approaches include the retinal blood vessels as part of the ILM
surface, as a result, the gaps surrounding the blood vessels may include as part of the
ILM surface as well which leads to overestimating the BMO-MRW or underestimating
the cup volume (Fig. 7.2b).

In order to address the segmentation errors mentioned above, we incorporated
the gradient vector flow (GVF) field [131] in a multimodal graph-theoretic approach
to enable dealing with deep cupping as well as retinal blood vessels. In another

application domain, Oguz et al. benefited from GVF field by proposing a graph-
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Figure 7.1: (a) ILM segmentation error due to the steep slopes as well as low signal strength.
The red lines indicate segmentation results using the approach of Lee et al. [16] and the
yellow dashed lines indicate the desired segmentation. (b) The resulting underestimated
cup volume. The solid green region is the measure cup volume using automated ILM
segmentation and the underestimated regions are shown with shaded patterns.
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Figure 7.2: (a) ILM segmentation error due to the presence of blood vessels. The red lines
indicate segmentation results using the approach of Lee et al. [16] and the yellow dashed
lines indicate the desired segmentation. (b) The resulting inaccuracy in computing the
BMO-MRW structural parameter. Underestimating the cup volume because of including
the blood vessel in the ILM segmentation is also observed.

92



theoretic method for segmenting multiple objects and surfaces of the brain where in
order to be able to segment the complex-topology surfaces of the brain, the columns in
graph construction were obtained by computing the GVF field. Similarly, in order to
allow for steep and deep cupping, we benefited from the direction of the GVF field to
construct a new set of equally spaced columns along the normals of the ILM surface.
Since the columns in the graph construction must be non-overlapping (otherwise it
may lead to a self-intersecting surface segmentation) and GVF-based columns satisfy
this condition, the OCT volume was resampled using the new GVF-based columns
which also served as the columns in the graph construction.

In order to compute the GVF field, an initial ILM segmentation is required which
was computed using a multiresolution method. Since the GVF-based columns are
perpendicular at the initial ILM segmentation, the ILM surface in the resampled
volume does not contain any steep slope or deep cupping, hence, we segment the ILM
surface using a graph-theoretic approach by incorporating prior shape information
[76]. The blood vessels are dealt with by correcting the initial segmentation as well
as modifying the cost function that was used in the graph-based segmentation at the
blood vessel locations. Since the blood vessels are more visible in fundus photographs
(especially inside the ONH), they are segmented from registered fundus photographs.
Based on the survey conducted by Kafieh et al. [132], the graph-theoretic approach
proposed by Lee et al. is one of the best existing intraretinal approaches and will be

used in this work for comparison purposes.

7.1 Methods
The flowchart of the proposed method is shown in Fig. 7.3. There are four major
steps in the proposed method including: 1) preprocessing, 2) computing initialization
and blood vessel correction, 3) computing GVF-based columns, and 4) identifying

the ILM surface using a graph-theoretic method.
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Figure 7.3: Flowchart of proposed algorithm.

7.1.1 Preprocessing

Due to better visibility of the retinal blood vessel inside ONH in fundus pho-
tographs than in SD-OCT projection images, the blood vessels are segmented from
fundus photographs [94]. In order to be able to map the blood vessel mask to SD-OCT
volumes, the fundus photographs need to be registered to their corresponding SD-
OCT volumes. A 2D projection image is created from SD-OCT volume by segmenting
the intraretinal layers and averaging the intensities within the retinal pigment epithe-
lium (RPE)-complex subvolumes in the z-direction [16]. The fundus photographs are
registered to the 2D projection images using the method described in Chapter 6.

Additionally, in order to obtain a more consistent shape of the ILM within ONH
region across all slices, the SD-OCT volume is transferred from the Cartesian domain
(x X y x z) to the radial domain (r x 6 x z) with angular resolution of one degree,
which results in 180 radial B-scans. The computed retinal blood vessel mask is also

transferred to the radial domain.

7.1.2 Initialization
In order to compute the initial ILM segmentation required for calculating the

GVF field, a simple and fast, but reasonably accurate, multiresolution gradient-based
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peak detection method was utilized. The GVF-based columns are computed based
on the location of the initialization, but they extend on both sides of the initial
segmentation such that a sufficiently large band around the initial segmentation is
covered, hence, a rough segmentation of the ILM surface is sufficient. Since a simple
peak detection method is utilized to identify the initialization, the speckle noise of the
images must be suppressed otherwise, the initialization may include discontinuities
along the surface. Therefore, the peak detection is performed in multiple resolutions
where downsampling the volume (by a factor of 2) to three lower resolutions reduces
the speckle noise of the image significantly. The boundary of retina and vitreous body
appears as a strong edge in OCT volumes and in order to capture this dark-to-bright
transition, where the ILM surface generates a large response, the OCT volume at

each level, 1), was convolved with an asymmetric 3D Gaussian derivative filter as

follows:
( L )2+ ( f )?+( - )?
4 0 1 - i i i .
ED(rf,2)= — | ———¢ V20, V204 V20! « IV ie{0,1,2,3} ,
0z | 2moloyot
(7.1)
where 0!, of), and ¢! are the standard deviation of the Gaussian filter in the -

th level in r, 6, and z, respectively. As it is depicted in Eq. 7.1, the derivative
is performed only in z-direction, however, in order to incorporate the contextual
information from surrounding regions and neighboring slices, the filter was designed
in 3D. Since the first dominant high response from the top of each A-scan belongs
to the ILM surface, the peak detector identifies the location of first peak at each A-
scan within the lowest resolution, £®)(r, 6, z). While the entire A-scan was included
for detecting the peaks in the lowest resolution, in the next resolution instead of

the entire A-scan, the searching interval includes only a small portion of the A-
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scan relative to the location of the peak in the previous lower resolution. Besides
the noise cancellation, the other advantage of obtaining the initialization through
a multiresolution process is that constraining the possible surface locations in the
subsequent resolutions helps avoid finding edges produced by other surfaces.

Since the presence of blood vessels may affect their surrounding regions as well, the
radial blood vessel mask computed in section 7.1.1 was dilated by 2 pixels and mapped
on the initialization such that the surface segmentation at the A-scans containing
blood vessel was ignored and a cubic interpolation was used to compute the new
values at these locations. The vessel-corrected initial segmentation, Siitial(r,6), is
used in section 7.1.3 for computing GVF field. Furthermore, the response of the
3D Gaussian filter in the original resolution, & (0)(7‘, 0,z), is used as part of the cost

function computation of the graph-theoretic approach in section 7.1.4.

7.1.3 Gradient Vector Flow Computation

In the cases of deep cupping, in order to be able to follow the steep slopes, we
resample the volume using a set of equally spaced non-overlapping columns which
are perpendicular to the initialization surface. Since the new columns are also used
as the columns in the graph construction, these columns are computed by following
the direction of the gradient vectors to assure non-overlapping columns. If an SD-
OCT volume in the radial domain is represented by I(r,0,z), GVF is the vector
field ‘7(7’,9,2) = [u(r,ﬁ,z),v(r,@, z),w(r,@,z)] that minimizes the energy function
E [131):

E = ///M|vx7|2+ VIV — VI drdbdz (7.2)

where g is the regularization parameter. Due to the smooth shape of ONH, u was

not a sensitive parameter for computing GVF field and was set empirically to 0.02.
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The vector field in Eq. 7.2 can be found by solving the following Euler equations:

uV2u — (u— L) VI =0,
V2 — (v — I)|VI? =0, (7.3)

uV2*w — (w— L)|VI* =0,

where VI = (I, Iy, I.) and I, Iy, and I, are the derivatives in r, #, and z directions,
respectively. Therefore, an initial vector field, VI, with high gradient at the initial
segmentation is required in order to be able to compute the appropriate GVF field.

The initial vector field, VI, is derived from the following 3D binary function I(r, 6, z):

07 Sini ia, >z
](7’,9,2) - {17 Sinitiai < z° (74)

Constructing the GVF-based columns starts from a point on the initial surface
Shnitial (7, 0), and continues by following the directions of the gradient flow on both sides
of the initial surface. In order to find the next point on the column, the direction and
the step size need to be determined. The direction of all normalized gradient vectors
in the neighborhood of the current point (i.e. {171 J|Vil |ie J\fc} where N, represents
the neighborhood) are interpolated to find the resultant direction, Vr. In order to
avoid sampling artifacts, the step size, s, must be smaller than half of the distance
between two voxels in the volume. Therefore, moving in the direction of Vi with step
size s indicates the next point on the column and assures obtaining non-overlapping
columns. There is no limit on the length of the GVF-based column and the next
points are obtained by continuously moving in the direction of the gradient flow at
both sides of the initial surface. The length of the columns set to 100 in this study

(Fig. 7.4).
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Figure 7.4: (a) A zoomed-in illustration of gradient vectors, for better illustration of the
gradient vectors, a schematic image is provided where the larger and reddish vectors repre-
sents stronger gradient vectors. (b) The columns constructed by following the flow of the
gradient vectors. The blue line shows the corrected initial segmentation.

7.1.4 Graph Construction and Cost Function
Computation

The radial OCT volume is resampled using the GVF-based columns computed
in section 7.1.3. When the OCT volume is transferred from the radial domain to
the new space, the neighborhood relationships are retained (i.e., the 8-neighboring
columns of a specific column in the radial volume and the resampled volume stay
the same). Due to the fact that the GVF-based columns are along the normals at
the initialization surface, and the columns are extended to the same length in both
sides of the initial segmentation, it is expected that the ILM surface in the resampled
volume appears as a smooth surface with minimal variation in the middle of the cube.
We incorporate this prior shape information in the graph construction which helps
with managing the presence of blood vessels.

Our graph-theoretic approach follows the methods proposed in [44,76]. Consider a
volumetric image in the resampled volume described as Z (i, j, k) with dimensions I x
J x K, and the ILM surface S can be defined as a function S(i, j) that maps each (1, )
pair to its corresponding k value. The surface S has to intersect with one and only one

voxel on each GVF-based column in the resampled domain, parallel to the k—axis and
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spans the entire ¢ x 7 domain. In order to assure obtaining a smooth segmentation,
the surface smoothness constraints in both ¢ and j directions are enforced. The hard
surface smoothness constraint represents the maximum allowed variation of S between
two adjacent columns in i—direction, A;, and in j-direction, A;. In other words, if
Z(i,7,k1) and Z(i+1, j, ko) are two adjacent voxels on the surface S in the i—direction
(k1 = S8(i,j) and ko = S(i,j + 1)), then |S(,j) — S(i + 1,5)| < A,. Similarly, for
two adjacent voxel on the surface S in the j—direction (Z(4, j, k1) and Z(i,j + 1, ka))
we have [S(i,7) — S(i,j + 1)| < A;.

In order to incorporate the shape prior information, in addition to hard smooth-
ness constraints, soft smoothness constraints, responsible for penalizing the deviation
from the expected shape inside the allowed variations (hard smoothness constraints)
is also enforced [76]. Therefore, the deviation of the surface S from its expected
shape is penalized via a convex function f(h). Specifically, for any pair of neigh-
boring columns p = (i1, j1) and g = (49, jo) on surface S(i,7), if the expected shape
change of surface S between (p, q) is M, j1),(is,jo) the cost of the shape term can be

written as:

CShape - Z f(S(ibjl) - S(i27j2) - m(ihh)v(imjz))' (7'5)
{(i1,41),(i2,52) ENC}

Here, V. indicates the neighboring relationships. Due to the resampling of the volume
along the normals of the initial segmentation, it is expected that the ILM surface
appears as a smooth surface with minimal variation in the resampled volume, hence,
M(iyj1),(iage) = 0. Since the weights of those graph arcs that are responsible for
enforcing the soft smoothness constraints are related to the second derivatives of the
penalizing function f [76], and the arc weights need to be greater than or equal to
zero, the penalizing function is required to be convex for which a quadratic function

is employed in Eq. 7.5.
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As part of the total cost function of the ILM surface, Ciyq, an edge-based cost
function called the on-surface cost function is employed [44]. The on-surface cost
function reflects the unlikelihood of a voxel being located on the ILM surface (i.e., it
has lower values for the voxels located on the ILM surface). The strategy to deal with
the blood vessels is relying more on the contextual information from adjacent slices,
the shape prior knowledge, and the feasibility constraints than on the on-surface cost
function values. Hence, the on-surface cost function at the blood vessel locations
is modified to enable the graph-theoretic approach to cut through the blood vessels
that change the shape of the ILM surface substantially. The blood vessel location is
obtained by transferring the binary vessel map computed from the registered fundus

photographs to the radial domain. The on-surface cost function can be expressed as:

. 1/3 , Myesser(i,7) =1
Con—surface - Z U}(’L,j)g<l,j,]€> ) ’U)(Z,j) - { { Mv lE'j?’% 0
{G@3.-)k=8(,5)}

(7.6)
where w(i, j) controls the modification of the cost function at the blood vessel loca-
tions and Mg is the binary vessel map in the radial domain. The edge information,
& (1,7, k), is computed by resampling the inverted response of the 3D Gaussian deriva-
tive filter ((r, 6, z) computed in section 7.1.2) using the GVF-based columns. The
intensities of £(r, 0, z) were normalized and inverted before resampling, to reflect the

unlikelihood of a voxel being located on the ILM surface. Therefore, the total cost of

finding the ILM surface in the resampled volume can be written as follows:
Cvtotal = Confsurface =+ OéCshape . (77)

Here, the coefficient o was set to 0.85. As in [76], the optimal ILM surface can be

found by computing the max—flow /min—cut in the arc-weighted graph. Once the ILM
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surface is obtained in the resampled volume, the segmentation is transferred back to

the radial domain.

7.2 Experimental Methods
7.2.1 Data and Reference Standard

The dataset in this work includes optic nerve head (ONH)-centered SD-OCT
volumes in one eye (per patient) of 44 open-angle glaucoma or glaucoma suspect
patients acquired using a Cirrus HD-OCT device (Carl Zeiss Meditec, Inc., Dublin,
CA) at the University of Iowa. The size of each scan was 200x200x 1024 voxels (in the
x-y-z direction, respectively) which corresponds to a voxel size of 30x30x2 pm, and
the voxel depth was 8 bits in grayscale. Additionally, the color fundus photograph of
the optic disc corresponding to each SD-OCT scan was taken as well. Twenty-four
patients had stereo color fundus photographs taken using a stereo-base Nidek 3-Dx
stereo retinal camera (3072x2048 pixels). The rest of the patients had color fundus
photographs taken using a Topcon 50-DX camera (2392x2048 pixels). The pixel
depth was 3 8-bit red, green and blue channels.

The reference standard was obtained by randomly selecting two radial slices from
each SD-OCT volume and performing the manual delineation of the ILM surface by

an expert.

7.2.2 Experiments
The performances of the following three methods were compared: 1) the initial-
ization computed using a multiresolution process in section 7.1.2, 2) the ILM seg-
mentation proposed by Lee et al. [16], and 3) the proposed graph-theoretic approach
in this paper. The metrics used to evaluate the accuracy of the segmentation results
consisted of the signed and unsigned border positioning errors calculated in the radial
domain. The unsigned border positioning error was calculated by averaging the dis-

tances between all surface points (on two randomly selected slices) from the reference
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standard and the corresponding closest points from the segmentation result. The
signed border positioning error was similarly calculated but the signs of the distances
were retained. If the algorithm’s surface point was above the surface point of the
reference standard, the sign was considered positive.

Additionally, in order to further asses the effectiveness of the proposed method in
dealing with the presence of the retinal blood vessels and the steep slopes, the signed
and unsigned border positioning errors were measured locally as well. Hence, for mea-
suring the localized error at the blood vessel locations, only the A-scans intersecting
with blood vessels were considered for measuring the border positioning errors. Sim-
ilarly, the localized error of steep slope is computed at the A-scans containing steep
slopes which were identified by computing the gradient of the ground truth. A paired
t-test was utilized to compare the performances of three methods where p < 0.05 was
considered significant.

Furthermore, the accuracy of the three segmentation approaches were evaluated
using the cup volume. In order to compute the cup volume, the reference plane at each
B-scan is defined as a straight line 150 pm (standard cup offset) above the straight
line that connects the two BMO points [133] and the volume bounded between the
ILM surface and the BMO reference plane was considered as the cup volume. The
average of the cup volumes on the two B-scans with the manual segmentation was
calculated for each subject.

The second structural parameter that is influenced by the ILM segmentation is
BMO-MRW. Hence, we investigate the extent that accounting for the presence of
blood vessels and steep slope in segmenting ILM surface affects the rim-width-based
parameter. To this end, the structure-structure Pearson correlation of RNFL, and
BMO-MRW[, computed using the ILM segmentation in [16] and the Pearson corre-
lation RNFLp and BMO-MRWp computed using the ILM segmentation proposed in

this chapter were compared with each other using the method mentioned in Chap-
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Blood Vessel

Figure 7.5: Example results on the ONH portion of two slices from two volumes (only
the ONH portion shown for better visibility). Red is the reference standard, green is the
proposed algorithm and dashed cyan is Lee et al. [16] results. (a) Shows the effect of the
presence of blood vessels and (b) shows an example of deep cupping.

ter 5 [112]. BMO-MRW measures were computed on the 20 evenly spaced randomly
selected radial scans where the BMO points were identified by consensus manual
delineations from three experts (the same manual delineations that were used in

Chapter 5).

7.3 Results

Two examples ILM surface segmentation are shown on a single radial B-scan in
Fig. 7.5. The quantitative evaluations of border positioning errors for the entire ILM
surface are provided in Table 7.1. The proposed method had significantly smaller
signed and unsigned border positioning errors than the initialization and Lee et al.
segmentations (p-value < 0.05). In addition, the proposed method improved the
average unsigned border positioning error of Lee et al. method and the initialization
by 47.95% and 68.09%, respectively.

Furthermore, the localized border positioning errors at the blood vessel locations
and steep slopes are reported in Table 7.2. The signed and unsigned border position-

ing errors (at the blood vessel locations) of the proposed method were significantly
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Table 7.1: Average signed and unsigned border positioning
error (Mean 4+ SD in pm).

Methods Unsigned Signed

Initialization 20.12 + 10.36 7.23 £4.38
Lee et al. [16] 13.68 + 7.12 5.21 4+ 3.45
Propose 7.05+ 3.43 -2.07+1.62

Table 7.2: Localized unsigned and signed border positioning error at blood vessel
and steep slope locations (Mean £ SD in pm).

Blood Vessel Steep Slope
Error Unsigned Signed Unsigned Signed

Initialization — 18.23+12.41  12.98£15.91  26.49+17.22  25.89+£22.58
Lee et al. [16] 11.58+ 9.06  10.28+12.58  16.65+10.37  16.13£13.72
Proposed 4.03+ 2.28 1.88+ 3.14 5.18+ 3.65 4.88+ 4.67

lower than the initialization and and Lee et al. segmentations (p-value < 0.05). The
proposed method improved the average unsigned border positioning error (at the
blood vessel locations) of Lee et al. method and the initialization by 65.20% and
77.89%, respectively.

Similarly, the proposed method had significantly lower signed and unsigned border
positioning errors (at the steep slopes) than the initialization and Lee et al. segmenta-
tions (p-value < 0.05). The proposed method improved the average unsigned border
positioning error (at the steep slopes) of Lee et al. method and the initialization by
68.89% and 80.45%, respectively.

The cup volume measurements are reported in Table 7.3. Furthermore, the Bland-
Altman graphs in the Fig. 7.6 clearly shows that initialization and the method in [16]
underestimate the cup volume which resulted in the negative biases, whereas, the
proposed method decreased the existing bias in the other approaches substantially.

Additionally, the cup volume calculated using the manual segmentation and the auto-
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Table 7.3: Cup volume measurements.

Mean+ SD in mm? Pearson Correlation

Initialization 1.75640.441 98.66
Lee et al. [16] 1.836+£0.457 99.02
Proposed 1.900+0.475 99.94

Reference standard 1.905+0.477

- Manual)

°
©
©
Ele
i
e ©
Difference Cup Volume (mm?)
(Proposed - Manual)

Difference Cup Volume (mm?)
(Lee etal.
©

Difference Cup Volume (mm?)
(Initialization - Manual)

Mean Cup Volume (mm?) Mean Cup Volume (mm?) Mean Cup Volume (mm?)
(Initialization + Manual)/2 (Lee et al. + Manual)/2 (Proposed+ Manual)/2

(a) (b) ()
Figure 7.6: The Bland-Altman graphs of the cup volume measurement corresponding to

(a) initialization, (b) Lee et al. [16], and (c) the proposed method in comparison with the
manual tracing.

mated approaches were compared using paired t-tests and the results showed that the
cup volume computed using the initialization and the method in [16] are significantly
different from that of the manual segmentation (p < 0.05). However, the cup volume
computed using the proposed method was not significantly different from that of the

manual segmentation (0.05 < p).

The Pearson correlation of the BMO-MRW;i, and BMO-MRWp was 98.84 and the

Table 7.4: BMO-MRW computation and correlation with RN-

FLT.
Mean+ SD in um Correlation with RNFLT
BMO-MRW;, 181.11+£84.25 71.16
BMO-MRWp 179.57+80.45 72.42
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paired t-test did not show any significant difference between two measures (0.05 <
p). Additionally, the test for comparing two overlapping correlations based on two
dependent groups did not show significant difference between the Pearson correlations

of the BMO-MRW computations with their corresponding RNFLT measures.

7.4 Discussion and Conclusion

In this chapter, we proposed a multimodal graph-theoretic approach for segment-
ing the internal limiting membrane surface from optic-nerve-head-centered SD-OCT
volumes and the proposed method was tested on 44 glaucoma patients. The existing
ILM segmentation approaches (e.g. the method in [16]) generate erroneous results
inside the optic nerve head region due to the presence of retinal blood vessels and
existing deep cupping and steep slopes in the ILM surface which are very typical in
glaucomatous SD-OCT scans. These issues cause inaccurate measurements of ONH
structural parameters such as Bruch’s membrane opening-minimum rim width and
cup volume. The proposed method deals with the issue of large blood vessels by mod-
ifying the cost function associated with the graph-theoretic approach and eliminates
the steep slopes by resampling the OCT volumes using the gradient vector low-based
columns.

The large retinal blood vessels locating near the ILM surface, which are character-
istics of ONH region, are able to change the morphology of the ILM surface. Current
segmentation approaches include the blood vessels as part of the ILM surface which
increase the possibility of inaccurate measurement of the structural parameters such
as BMO-MRW. The correct way of dealing with retinal blood vessels is controver-
sial [6], however, we currently argue that doing a better job of only including the
non-vascular tissue can provide the most precise measurements of glaucoma param-
eters of interest such as BMO-MRW, where going around the vessels would lead to
overestimating the MRW. Note that as BMO-MRW is measured as the shortest Eu-

clidean distance from the BMO to the ILM surface, depending on the location of
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blood vessels, and the closest point on the ILM surface to BMO, the BMO-MRW
parameter may or may not be affected by the presence of blood vessel. Hence, it is
possible that BMO-MRW computed using the proposed ILM segmentation stays the
same as that of computed using the existing ILM segmentation approaches.

The proposed method also addresses the issue of segmenting ILM surface inside
deep cups with steep slopes. In order to be able to accurately segment the ILM sur-
face, the segmentation must be able to intersect with A-scans containing steep slopes
more than once, therefore, those segmentation approaches [16,44] that were initially
designed to segment the intraretinal layers of the macula or the peripapillary region
surrounding the ONH cannot catch the steep slopes inside the deeper cups. This
issue results in inaccurate cup volume measurements [133], and the Bland-Altman
graphs in Fig. 7.6 shows the negative bias of the method in [16] which is associated
with the underestimating cup volumes. Resampling the volume using GVF-based
columns which are along the normals of initial segmentation helps eliminate the steep
slopes and transfers the ILM surface into a smooth surface with minimal variation.
Therefore, the graph-theoretic approach incorporates this shape prior knowledge while
segmenting the ILM surface in the resampled volume. The Bland-Altman graphs in
Fig. 7.6 demonstrate that the proposed method successfully removed the negative
bias existed in the initialization and Lee et al.’s method.

The results of BMO-MRW computations with and without ILM segmentation
correction showed that the effects of proposed method for segmenting the ILM surface
on computing the BMO-MRW was not significant. The reason is that first of all, the
presence of blood vessels or steep slopes do not always intervene the computation of
BMO-MRW, hence in those slices the BMO-MRW with and without ILM correction
are the same. Secondly, the location of closet point on the ILM surface to the BMO
point (from where the BMO-MRW is computed) does not always modified by the

correction. Lastly, even if the ILM correction modifies the location of closet point on
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the ILM surface to the BMO point, the distance between the BMO-MRW parameter
as a distance measure could still remain the same or change slightly. Even though our
results did not show significant difference between BMO-MRW|, and BMO-MRWp,
computing the BMO-MRW from a more accurate ILM segmentation results in a more
precise estimation of remaining neuroretinal rim tissue.

While Lang et al. [134] demonstrated that reformatting the OCT volume is ben-
eficial for intraretinal layer segmentation in macular scans and GVF-based columns
have been previously used in the graph-construction for segmenting complex-topology
surfaces of the brain [135], we present a new framework for precise segmentation of
the ILM surface by reformatting the OCT volumes using non-overlapping GVF-based
columns. Additionally, use of multimodal information for the graph-construction and
cost function design for use in the 3D graph-based approach that incorporates shape
priors [76] is generally novel as well. In addition to allowing for a more precise ILM
segmentation for ophthalmic applications, as in this work, it is expected that other
application domains would also benefit from a multimodal graph-construction and
cost-function design framework.

In summary, we proposed a method for accurate segmentation of the ILM surface
within ONH region of OCT volumes where first, the blood vessels are segmented from
the registered fundus photographs due to the higher visibility of ONH region in fun-
dus photographs than OCT projection images. The vessel mask is transferred to the
radial domain along with the OCT volumes and is utilized for two purposes 1) cor-
recting the initial segmentation which is computed using a multiscale peak detection
method and 2) modifying the cost function used in the graph-theoretic approach at
the vessel locations. The radial volumes are resampled using non-overlapping GVF-
based columns which are calculated by following the directions of gradient vector flow
field of the initial segmentation. The optimal solution with respect to the edge-based

and shape-based cost functions is obtained using a graph-theoretic approach in the
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resampled domain and finally the segmentation is transferred back to the original

domain.
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CHAPTER 8
A MACHINE-LEARNING GRAPH-BASED APPROACH FOR 3D
SEGMENTATION OF BRUCH’S MEMBRANE OPENING FROM
GLAUCOMATOUS SD-OCT VOLUMES

The content of this chapter is presented in [136]. As mentioned in Chapter 5,
Bruch’s membrane opening-minimum rim width (BMO-MRW) measures the remain-
ing neuroretinal rim tissue and recent studies showed that BMO-MRW is superior to
other structural parameters for diagnosing open-angle glaucoma [19,20]. Beside the
necessity of identifying BMO points for computing the BMO-MRW, the BM surface
ending points also define the true optic disc boundary. The 3D imaging ability of
SD-OCT machines showed that the disc margin (DM) from fundus photographs does
not always coincide with the outer border of rim tissue, however, BMO, also referred
to as the neural canal opening (NCO), is the true outer border of rim tissue (optic
disc boundary) which remains unaltered during intraocular pressure changes due to
glaucoma [19-21]. Hence, considering the inherent subjectivity and required time
for manual delineations, in order to be able to identify the true optic disc boundary
and compute the structural parameter BMO-MRW automatically, having a reliable
automated approach for segmentation of BMO points is of great desire.

Various approaches have been employed for segmenting the optic disc from SD-
OCT volumes including pixel-based classification methods [16, 17, 88], model-based
approaches [23], and graph-based approaches [18,22], among which some techniques
are also utilized for segmenting the optic disc from fundus photographs [7-15]. The
approaches that attempted to segment the BMO from SD-OCT volumes mostly fo-
cused on 2D segmentation of BMO points. For instance, the works in [18] and our
method in Chapter 4 focused on segmenting the 2D projection of BMO points, while
Fu et al. found the BMO points from a number of individual 2D B-scans and fitted
an ellipse to the points to obtain the complete ring-shape BMO segmentation [23].

Our proposed method in [24] was the first step towards directly obtaining a 3D



segmentation, where we presented an automated iterative graph-theoretic approach
for segmenting multiple surfaces with a shared hole. The method was applied to seg-
ment the junction of the inner and outer segments (IS/OS) of the photoreceptors and
the Bruch’s membrane (BM) surfaces and their shared hole (i.e. BM opening). This
method needs an initial 2D segmentation of BMO points, which is obtained from a 2D
projection image, using a method similar to the existing 2D approaches [18,22]. The
corresponding z-values are identified by projecting the 2D segmentations onto the BM
surface. Since the layer segmentation around the ONH region is not precise, the com-
puted z-values are not always accurate. In order to allow for correcting the z-values,
an iteration phase was added to the method within which the z-values along with new
layer segmentations are identified as part of the proposed surface+hole method. The
updated layers produces a new 2D projection image from which an updated 2D BMO
segmentation is obtained and the iterations continue. This surface + hole approach
was shown to be more accurate than existing 2D approaches; however, the presence
of externally oblique border tissue [19], which attaches to the end of BM surface and
appears very similar to the ending point of BM surface sometimes confuses the al-
gorithm and causes continuing of its iterative search on the border tissue such that
instead of the end of the BM surface, the BMO is identified on the border tissue.
Correspondingly, the purpose of this chapter is to address the limitation of our
previous approach by eliminating the iteration phase and presenting an automated
machine-learning graph-theoretic approach that segments the BMO points as a 3D
ring in radially resampled SD-OCT volumes. More specifically, similar to our previous
approach, a 2D initial segmentation is obtained using a graph-theoretic approach.
The volume in the z-direction is downsampled to achieve an isotopic grid and an
estimated 3D location of BMO points is computed by projecting the (r,0) pairs
onto the BM surface. Instead of defining a mathematical model for BMO points,

which is not feasible as they appear differently even in slices corresponding to a
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single subject, we learn the intensity-based attributes of BMO points a priori. In
particular, based on a random-forest classifier trained using BMO intensity models,
a likelihood map corresponding to the BMOness of voxels located in a small vicinity
of each estimated 3D locations is generated. The inverted likelihood map will serve
as the cost function for finding the 3D BMO path using a shortest-path approach.
The final BMO segmentation in the original image resolution is obtained by refining
the z-coordinates using a similar approach as used to find the BMO path within the

downsampled volume.

8.1 Methods

The overall flowchart of the proposed method is shown in Fig. 8.1. The four
major components of the proposed method are: 1) a preprocessing step including
transferring the SD-OCT volumes to the radial domain and segmenting intraretinal
surfaces (Section 8.1.1), 2) identifying the 2D projected locations of the BMO points
using a graph-theoretic approach (Section 8.1.2), 3) computing a cost function for
identifying the BMO 3D path using a machine-learning approach (Section 8.1.3), and
4) identifying the 3D location of BMO points (as a 3D path within the SD-OCT
volumes) using a shortest path method (Section 8.1.4) and refining the path in the

z-direction (Section 8.1.5).

8.1.1 Preprocessing
In the preprocessing step, the SD-OCT volume is transfered to the radial domain
and the intraretinal surfaces that are needed for identifying the BMO points are
segmented as in Chapter 4. If the original SD-OCT volume in the Cartesian domain
is represented by I(z,y, z), the radial volume Ig(r,@,z) is obtained using bilinear
interpolation of the original volume with angular precision of 1° degree. The radial
transformation is performed because the BMO points are more obvious in the radial

volume than in the original SD-OCT volume where BMO points are less obvious in
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Figure 8.1: Flowchart of overall method.

the slices close to the upper/lower part of disc boundary and are not present in the
slices that do not intersect with optic disc (Fig. 5.4). With such a transformation,
there are two BMO points in each radial slice and unlike the original domain, Bruch’s
membrane opening has a stiffer shape especially in the r-direction (i.e. displacement
of the BMO points in-between slices in the r-direction is minimal). This property
will be used later as a constraint for the graph-theoretic approach in Sections 8.1.2.3
and 8.1.4.

Once the radial volume is created, intraretinal surfaces are segmented from the ra-
dial volume using a theoretical multi-resolution graph-based approach [16,44]. Specif-
ically, the intraretinal surface segmentation problem is transformed to an optimization
problem with a number of specific constraints and the goal is finding a set of feasible
surfaces with the minimum cost, simultaneously [44]. Lee et al. [16] proposed a multi-
resolution approach for executing the algorithm which speeds up the segmentation.
We employed this method for segmenting three intraretinal surfaces from the radial

volumes: the first surface is called the internal limiting membrane (ILM), surface two

113



Figure 8.2: Radial surface segmentation and projection image creation. (a) Example
radial scan with segmented surfaces where red, green, and yellow are the ILM, IS/OS,
and BM surfaces, respectively. Note that the IS/OS and BM surfaces are interpolated
inside the ONH. (b) The projection image obtained as described in Section 6.1.1. (c)
The reformatted radial projection image in which the 2D BMO projection locations
appear as a horizontal path.

is located at the junction of the inner and outer segments of photoreceptors (IS/0S),
and surface three, called Bruch’s membrane (BM) surface, is the outer boundary of
the retinal pigment epithelium (RPE). These surfaces are segmented because (1) the
ILM surface will be used as a constraint for finding the 2D and the 3D BMO path as
well as computing BMO-MRW, (2) IS/OS and BM surfaces will be used for creating
the radial projection image, and (3) the BM surface also will be used for identifying
the estimated 3D location of the BMO points. Since the RPE-complex, bounded by
IS/OS and BM surfaces, does not exist inside the ONH, the surface segmentations
corresponding to the second and third surfaces are not meaningful inside the opening.
Hence, the second and the third surfaces are interpolated inside the ONH opening
which is approximated by a circle larger than the typical size of the ONH opening
(1.73 mm radius) and centered at the center of the ONH [22]. The lowest point of

the ILM surface is considered as the approximated center of the ONH (Fig. 8.2a).
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Figure 8.3: An example of edge-based cost function computation. (a) The 2°¢ scale of
SWT decomposition. Note that BMO boundary appears in the horizontal coefficients
while the blood vessels mostly appear in vertical and diagonal coefficients. (b) The
vessel-free radial projection image. (c) The edge-based cost function computed by
applying the Gaussian derivative filter, F,, ,,(r, ), to the vessel-free radial projection
image.

8.1.2 Identifying 2D Projected Location of BMO
Endpoints

The projected locations of BMO points are identified from the radial projection
image in the form of a 2D path utilizing a graph-theoretic approach and an edge-based
cost function computed from the radial projection image. The approach is similar to
our method in Chapter 4, except that here, the total cost function does not include

the in-region cost term and shape prior information is also enforced.

8.1.2.1 Computing the Radial Projection Image

The radial projection image is created by averaging the intensities of the RPE-
complex (the sub-volume between the blue and yellow surfaces in Fig. 8.2a) in the
z-direction (Fig. 8.2b). In particular, the intensities of the sub-volume bounded by
15 voxels (29.3 um) above the second surface and 15 voxels below the third surface
are averaged in the z-direction and the resulting projection image is reformatted such
that radial and 6 values appear on vertical and horizontal axes, respectively and the

BMO projection path appears as an approximately horizontal boundary (Fig. 8.2¢).
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8.1.2.2 Computing the Edge-Based Cost Function

An edge-based cost function is designed to have information regarding the loca-
tion of the boundary of interest in the image (here, the 2D BMO trajectory). More
specifically, the edge-based cost function is a probability map that contains the un-
likelihood of pixels locating on the boundary. Therefore, we would like to have a cost
function with low values on the expected location of the boundary and high values
everywhere else.

The BMO boundary and the retinal blood vessels are the two major structures
of the reformatted radial projection images. With the help of the Haar stationary
wavelet transform (SWT) [101], we eliminate the effect of retinal blood vessel in
computing the edge-based cost function. Similar to Chapter 4, we compute the vessel-
free radial projection image (Fig. 8.3b). In order to compute the edge-based cost
function, an asymmetric 2D Gaussian derivative filter F,, ,,(r,6) is applied to the
vessel-free projection image I,f(r,6) with the aim of capturing the dark-to-bright
transitions. The filter has larger scale in the #-direction (0 = 4) than the r-direction
(0 = 2) and computes the derivatives only in the r-direction (vertical axis). If a

general 2D Gaussian filter in the radial domain can be written as:

| .\ 0 2]

oo (1,0) = %;00 e L o o) | o)
the asymmetric Gaussian derivative filter applied to the vessel-free image can be
expressed as F,, 5,(r,0) = 0G,, »,/0r, where o, and oy are the standard deviations
in the r and 6 directions, respectively. The edge-based cost function is shown in
Fig. 8.3c. Therefore, the total edge-cost representing the cost of pixels on a 2D BMO

path, B(#), can be expressed as
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Cedge = Z Foroo(r,8) 5 L (1, 0) (8.2)
{(r0)lr=B(0)}

and the goal is to select B(f) that minimize the cost function Cegge.

8.1.2.3 Segmenting BMO 2D Path

In order to identify the minimum-cost 2D BMO path, a graph-theoretic approach
proposed by Song et al. [76] is utilized. This approach, is an extension to the method
proposed by Garvin et al. [44] that enables us to constrain the geometry of the
boundary of interest based on prior shape information of the boundary. For instance,
as mentioned in Section 6.1.1, it is known that in the radial projection image, the
BMO boundary is very smooth across slices with minimal changes in the r-direction.
This shape-prior knowledge was enforced as a soft smoothness constraint along with
the hard smoothness constraints [76].

More specifically, consider a 2D image I(r,0) of size Rx© in the radial domain
and the 2D BMO boundary B(f) as a function of 6 that maps each #-value to its
corresponding r-value. In addition, assume that the function intersects with each
column (each ) once (at ) and the function uses a two-neighbor relationship. Two
types of constraints are applied to the neighboring columns, the hard smoothness
constraint and the shape-prior (soft smoothness) constraints. The hard smoothness
constraint for a pair of neighboring columns (6, 6) in the #-direction can be written

as below

“A, < B() — B(6) < A, (8.3)

where A, is the maximum allowed change of r between two neighboring columns.
In order to incorporate the shape prior information, in addition to hard smoothness
constraints, the deviation from the expected shape inside the allowed constraint is

penalized as well [76]. A convex function f(h) penalizes the cost of the boundary if
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the change of the boundary is deviated from its expected shape. Specifically, for any
pair of neighboring columns (identified by N.) such as (6;,62) on boundary B, if the
expected shape change of boundary B between (61, 0) is m g, 9,) the cost of the shape

term can be written as:

Conape = Y f(B(B) = B(62) — mp,.0,)). (8.4)
{(61,02)eN.}

Here, mg, 4,y = 0 as we expect to have very smooth BMO boundary with minimal
change between neighboring columns. The penalizing function f needs to be a convex
function for which a quadratic function is chosen. The total cost of finding the initial
2D BMO boundary B consists of both edge-based and shape prior cost functions

which can be expressed as follows:

CB - Cedge + acshape . (85)

The coefficient « determines the impact of shape prior cost function with respect
to the edge-based cost function. Using a training set, the parameter o was set to 0.7
in this study. The optimal boundary can be found by computing the maxflow/min-
cut in the arc-weighted graph as in [76]. At this step, the 2D BMO locations were
identified using which the location of 3D BMO points were estimated by projecting

the 2D locations onto the BM surface.

8.1.3 Computing Machine-Learning-Based 3D Cost
Function

In order to compute the 3D cost function for more precisely identifying the 3D
BMO locations, a machine-learning based approach is utilized. First, to obtain an
isotropic grid, the radial OCT volume is downsampled in the z-direction to reflect
its physical resolution such that the size of each pixel in the r-z plane changes from

30pum x 2um to 30pum x 30pum. For each subject in the training set, a set of intensity-
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based features are extracted from each BMO location. An intensity model of BMO
(called BMOy, to represent the low-resolution BMO model) is created from the ex-
tracted features using PCA technique. In order to train a random forest [99] classifier,
the same set of intensity-based features are extracted from BMO points (positive) as
well as non-BMO points (negative) and projected to the BMOy, model. The classifier
computes the “BMOness” of each point in the vicinity of estimated 3D BMO loca-
tions (explained in section 8.1.3.2) for subjects in the test set. The inverted BMOness
probability map will serve as the 3D cost function of the shortest path method for
identifying the 3D BMO locations (Section 8.1.4).

8.1.3.1 Computing 3D PCA-Intensity BMO Model

In order to compute the 3D intensity model of BMO, three types of intensity
features are computed at each BMO point: 1) neighborhood intensity profile (NIP),
2) steerable Gaussian derivatives (SGD), and 3) Gabor features. Since the radial
OCT volumes are created by sampling the original OCT volume in a circular pattern
(Fig. 5.4), the first and last slices are considered as neighbors during feature extrac-
tion. The BMOy, intensity model consists of a number of PCA-based models created
from each feature category. Before feature extraction, the intensities of the radial
OCT volume are linearly normalized to the [0,255] interval such that the intensity
scale throughout the dataset is consistent.

The NIP feature provides information regarding the 3D intensity profile of the
query point’s neighborhood. NIP features are computed using a mask of size 9 x 9 x 3
within which 48 neighbors around the query point in each of current, previous, and
next slices are marked (a total of 144 features). The 48 neighbors are inspired by the
positions of offsets used in the FAST-ER corner detector [137]. The difference of the
query point’s intensity and the intensities of its 144 neighbors are computed to learn
the 3D intensity profile around a BMO point.

A set of 3D steerable Gaussian derivative filters with ¢ = {0.5:0.5: 3} and
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¢ ={0°:30°:359°} are used to reflect the intensity change around a BMO point (a
total of 72 features). Assume G2(r, z,6) is a symmetric 3D Gaussian filter and (- -)?
represents the rotation operator in the r-z plane such that ffg(r, z,0) is the rotated
version of F,(r, z,0) at angle ¢j in the r-z plane. Thus, the 3D steerable Gaussian
derivative filter, F2(r, z,0), can be expressed as follows:
FO(r, 2,0) = 2QU(T, 2,0),

or

.7:300 (r,z,0) = aggg(r, z,0) , (8.6)
z

F2(r,z,0) = cos (0)F (1, 2,0) + sin () F2(r, 2,0) .

g g

As depicted in Eq. 8.6, the derivative is taken only in the r-z plane, however, in order
to incorporate the 3D contextual information, the SGD filters are designed in 3D to
integrate information from neighboring slices as well.

A set of Gabor filters [138] extract localized frequency information (i.e. textural

information) from the region of interest. The Gabor filters are represented as:

W20202 (o
gBa‘,'y,)\@%@[; (7’, Z) = 67%61(277 Y +1/)) ’
(8.7)

' =rcosd+zsing, 2 = —rsing + zcos ¢ .

where o, v, A\, ¢, and ¢ are the scale, spatial aspect ratio, wavelength, orientation, and
the phase offset, respectively. Since the Gabor filters are symmetric, the filter bank
includes 6 scales and 6 orientations of o = {0.5:0.5:3} and ¢ = {0°,30°: 179°}.
The wavelength (\) was set to 0/0.56 as this corresponds to a half-response spatial
frequency bandwidth of one octave. The spatial aspect ratio and the phase offset
were set to v = 1 and 1 = 0°, respectively.

Once the intensity features are extracted from the BMO points, in order to reduce
the dimensionality of the feature set (144 NIP, 72 SGD, and 36 Gabor features), PCA

was utilized to create 13 PCA-based intensity models by retaining more than 90% of

120



the variation in each category. The PCA-based intensity models consisted of 1 NIP
model, 6 SGD models corresponding to the 6 different scales used for creating SGD

filters, and 6 Gabor models corresponding to 6 scales of Gabor filters.

8.1.3.2  Classification

For training, the search region is limited to a small vicinity of each BMO point
which is the region inside a donut defined by two ellipses centered at each BMO
location. It is known that BMO always locates below the ILM surface; hence, if
any parts of the search region fall above the ILM surface, they are excluded for
feature extraction (e.g. the shaded region in Fig. 8.4a). The area inside the smaller
ellipse represents the inherent subjectivity of manual delineation for identifying a
BMO point and the positive class members are selected from this region. Since the
training set is highly skewed (i.e. only one BMO point exists in each search region)
and to reflect the inter-observer variability, we consider each BMO point along with
its 4-neighborhood pixels as positive class (a total of 5) and randomly sampled 20
points from the search region (the area between the outer and inner ellipses) to
represent the negative class (Fig. 8.4a). The appropriate size of the search region was
computed in the training set such that in addition to the manual delineation (true
BMO locations), an estimated 3D location for each BMO in the training set was
computed by projecting the 2D location (i.e. (r,0)-values) of each BMO point (that
obtained in Section 8.1.2.3) to the BM surface. The estimated and true locations of
BMO points were compared to obtain the range of estimation error. The radii of outer
ellipse were computed such that more than 99% of the estimated BMO locations were
included in the search region (7, = 300pm, 7sman = 120pm). The radii of the inner
ellipse were set to r,;; = 90pm, 7gman = 45um. The same set of intensity features that
were used for creating the BMOy, model were extracted for both classes. The features
were projected to the BMOy, model using their corresponding eigenvectors that were

computed for creating PCA models. The number of trees was set to 500 and the
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number of variables available for splitting at each tree node was set to square root of
total number of predictors (28 NIP, 12 SGD, and 21 Gabor — [v/#predictors| = 8).

For testing, in order to locate the search region, which is an ellipse with the same
size as the outer ellipse of the donut used for training, we need an estimation of BMO
location. Similar to obtaining the estimated location of BMO points in the training
set, the 2D location (i.e. (r,6)-values) of each BMO point computed in Section 8.1.2
were projected to the BM surface (the yellow surface in Fig. 8.4b) to estimate the
corresponding z-values. All voxels inside the search region in the testing set are
potential candidates for being a BMO point (Fig. 8.4b). Hence, the intensity features
are extracted for all points inside the search region and projected to the BMOy, model
using their corresponding eigenvectors.

The RF classifier computed the BMOness of all voxels inside the search region
and generated the 3D likelihood map of voxels being a BMO point. The inverse of
likelihood map (Fig. 8.4c) was utilized in the total cost function of finding the 3D

BMO path.

8.1.4 Identifying the 3D BMO Path Using Dynamic
Programming

The problem of finding the BMO 3D path is formulated as a shortest-path prob-
lem. Here, the goal is to find a path with minimum cost that satisfies a set of con-
straints. Assume that a directed acyclic graph (DAG) G(V, F) is constructed from
the radial volume R of size R x Z x © with non-negative edge and node costs and we
want to find the BMO locations as a minimum-cost 3D path P = {Vp, Ep} within G.
Each voxel in the volume is represented by a node in the graph; hence, the number
of nodes in the graph, |V, is equal to the number of voxels in the volume. Each
node is connected only to its neighbors (i.e., the feasible nodes in the subsequent
slice). As there is only one BMO endpoint in each slice, the nodes in the same slice

are not connected to each other. The neighboring constraint in the r-direction and
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(c)

Figure 8.4: (a) Illustration of the donut of search region for training set. The negative
class (cyan dots) are randomly sampled from the area between ellipses and the positive
class (yellow crosses) are taken from the area inside the small purple ellipse. (b)
[lustration of search region for testing set which is an ellipse with the same size as the
outer ellipse (dark blue) of the donut around the estimated 3D BMO location (yellow
cross). The green shaded areas in (a) and (b) are excluded from the search region due
to the fact that BMO never locates above the ILM surface. (c) A slice (corresponding
to the B-scan shown in (b)) of the 3D cost function utilized for identifying the BMO
3D path which is obtained by inverting the output of the RF classifier.

z-direction are A, = 2 and A, = 1, respectively which means the neighborhood of
each node is a 3 x 5 rectangle in the next slice such that there is an edge between the
node and its neighbors (Fig 8.5). The neighbors of each node in the subsequent slice
is specified according to the maximum variations of BMO paths in-between slices in
the training set. Additionally, since the BMO path is a closed circular path in the
Cartesian domain, we need to assure that the computed shortest path is a closed loop
(i.e., the first and last radial slices are considered as adjacent slices)

There are two types of costs in the graph: edge costs and node costs. The edge
costs are responsible for smoothness of the path and they penalize the deviations
from the BMO location in the previous slice. The penalizing function in r-direction
is f, = (rg, — r9,)* and in the z-direction it is f, = |zp, — 2¢,| Which generate the
following edge weights for all neighborhoods:

420 2 4
W,=14 20 2 4| , W, =

11111
00000 (8.8)
420 2 4 11111
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0, 0.+1

Figure 8.5: Graph construction. The are weighted edges between each node (green)
and its neighboring nodes (red). The neighboring constraint in r-direction (A,) and
in z-direction (A,) determine the amount of allowed variation from slice to slice.

The cost of the edge (u,v), Cy,, connecting nodes u = (z,, 7y, 0,) and v = (2,, 74, 60,)
is obtained by adding the weights (assuming W, and W, elements are expanded at

—2:2and —1:1in r and z directions, respectively) as follows:
Cuw = Wilzy — 2py1u — 10) + Wo(20 — 20, 7w — To)- (8.9)

Hence, the total cost of a feasible BMO path is as follows:

Cy) = Z Cv(Tv,Zv,ev) —|—ﬁ Z CE (810)

Vevp EcEp
where C'y is the 3D node cost computed by the random forest classifier in Sec-
tion 8.1.3.2 and 0 < < 1 determines the importance of edge cost with respect
to the node cost. In order to reflect the anatomical information that the BMO can
touch the ILM surface but never pass it, the nodes in the search region that fall above
the ILM surface are not considered as neighbors of any node in the graph (there is

no edge connecting them to any other nodes).
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In order to compute the minimum-cost shortest path through the constructed
graph, dynamic programming (DP) approach is utilized. In order to solve the problem
using DP we need to define the subproblem and the recursive formulation to solve the
problem as well as the base case. Suppose we add a dummy node, s, and we connect
all nodes in the first slice to s using identical zero-cost edges. Now the problem
becomes to find the minimum-cost path from s to any node located in the last slice
(the enforcement of circularity constraint will be explained later). We know that if
s ~» u ~» v is a shortest path from s to v, this implies that s ~» u is a shortest
path from s to u, as well; otherwise if there was a shorter path between s and u
we would obtain a better path between s and v by replacing the s ~~» u with the
shorter path. But we assumed that s ~» u ~» v is a shortest path between s and v,
so we have a contradiction. Based on this idea, we define the subproblem. Let us
assume OPT (v, k) is the minimum-cost path from s to node v in slice k, the recursive

formulation for OPT (v, k) can be written as the following:

OPT (v, k) = min {OPT(u,k — 1) + Cup + Cy(ry, 20, 0,) } - (8.11)
(u,v)EE

and the base case is OPT(v,1) = Cy(ry, 2y,0,). The optimal solution can be effi-
ciently computed using dynamic programming by computing the values in order of
increasing k.

Here, the circularity constraint means that, assuming the first and last slices are
adjacent slices, the path ends at one of the allowed neighbors of the starting node.
In order to ensure that this condition is satisfied, we found all possible shortest paths
that satisfied the circularity condition and picked the path with the minimum cost.
To find all the shortest path satisfying the circularity constraint, we forced the path
to start at a specific node in the first slice and end at one of its neighbors in the

last slice. The enforcement was performed by deliberately increasing the cost of all
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nodes in the search region of the first slice except for the starting node and repeating
the same action for all nodes in the search region of the last slice except for the

neighboring nodes.

8.1.5 Refinement of BMO Path in the z-Direction

The BMO path computed in Section 8.1.4 needs further refinement as the path
was found in the downsampled (in the z-direction with 30 x 30um voxel size in -z
plane) volume. Processing the data initially in the isotropic grid was beneficial for
easily setting up the smoothness/neighborhood constraints for graph construction,
saving time and space for extracting the features, training the RF classifier, and find-
ing the shortest path (especially for computing all possible shortest paths satisfying
the circularity constraint). In order to obtain the BMO path in the original image
resolution (30 x 2um voxel size in 7-z plane), a similar method as used to find the
BMO path in the downsampled volume was utilized. However, the search region for
refinement was restricted such that it only consisted of those 15 voxels in the original
resolution that corresponded to the BMO point found in the lower resolution. There-
fore, as r-values were fixed during this step, the refined z-values were computed as a
shortest path with the circularity constraint within a small 2D image of size 15 x 360
in Z x ©.

The node cost computation procedure is similar to that of Section 8.1.3. From
the volumes in the training set, a new intensity model reflecting the intensity profile
around the BMO in the original resolution was created (called BMOgz representing
the BMO model with original resolution in the z-direction). The model was obtained
using the same set of features as in Section 8.1.3.1 and applying PCA such that 90% of
the variation in the feature set was retained. For training the RF classifier a 15-voxel
length array around each BMO point in the z-direction was involved. The positive
class (BMO) included the BMO point itself and the voxels right above and below it

(in order to resemble the inter-observer variability) and the negative class (non-BMO)
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Figure 8.6: Refinement Graph, Gz, construction. The red box indicates one voxel
on the BMO path in the downsampled volume which corresponds to 15 voxels in the
original resolution. The edges are color coded with warmer colors corresponding to
higher weights. For a particular node (green) in slice 6y, all nodes in the subsequent
slice, 6; + 1, with a distance less than A, are considered as neighbors. The yellow
nodes indicate those nodes with a distance larger than Aj.

included the rest of the array (a total of 12). The intensity-based features of all points
in positive and negative classes were computed and projected to the BMO, model and
the RF, classifier was trained utilizing the projected intensity features. The number
of trees and variables to be randomly extracted at each decision split were set to 500
and the square root of number of features, respectively.

As mentioned above, each BMO point (found in the lower resolution) contributes
15 voxels from the original resolution to the test set. The intensity-based features
were computed for all points in the test set and projected to the BMO, model. The
trained RF, classifier produced the likelihood map of each node being BMO. The
inverted likelihood map served as the node cost in the graph construction. The graph
Gz = (Vz, Ez) consisted of 15 x 360 nodes and edges existed only between each

node and its neighbors in the subsequent slice. The furthest neighbor of each node
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has at most Ay distance in the z-direction for which the Ay is computed from the
training set. The edge weight increases (Fig 8.6) as the distance of neighbors becomes
larger via the penalizing function f; = |z4,0, — 2a,6,| - The final 3D BMO path was
obtained by finding the shortest path with circularity constraint using the dynamic

programming approach similar to that in Section 8.1.4.

8.2 Experimental Methods
8.2.1 Data
The training dataset includes 25 glaucomatous SD-OCT scans centered at the op-
tic nerve head that were acquired using a Cirrus HD-OCT device (Carl Zeiss Meditec,
Inc., Dublin, CA) at the University of Iowa. The size of each scan was 200x200x 1024
voxels with a voxel size of 30x30x2 um in the x-y-z direction. Similarly, the testing
set includes 44 patients diagnosed with glaucoma suspect or open-angle glaucoma and
an optic nerve head (ONH)-centered SD-OCT volumes (Cirrus, Carl Zeiss Meditec,
Inc.; 200x200x1024 voxels corresponding to 6x6x2 mm?) obtained in one eye of

each patient.

8.2.2 Reference Standard
For training set, the BMO points were marked on all radial B-scans such that one
expert first traced the BMO points on the 3D SD-OCT volume with two additional
experts providing corrections resulting in final tracing that was the result of the
consensus of three experts through a discussion. For the testing set, however, the
BMO points were identified on 20 evenly-spaced randomly-picked radial slices by
consensus of manual delineations from three experts (a total of 40 BMO points for

each subject).
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8.2.3 Experiments

As two separate datasets were available for training and testing purposes, the
proposed method used the entire training set for creating the BMO models and
training the classifiers and it was tested on the entire test set. The performance
of the proposed BMO identification method (BMOp) as well as our previous iterative
method [24] (BMO;) were evaluated on the 20 slices of each subject with manual
delineation (BMOy). The signed and unsigned distances of automated BMO points
with manual BMO points in r-direction and z-direction, were measured separately. If
the automated methods identify the BMO closer to the optic disk center, the sign of
distance in r-direction is positive. Similarly, if the automated BMO (BMOp/BMOy)
located below the manual BMO (BMOy), the sign of distance in z-direction is pos-
itive. In addition, the distance of automated and manual BMO points in -z plane
was measured.

Furthermore, as enabling to automatically compute the BMO-MRW measure is
one of the major applications of our proposed method, this structural parameter was
computed using manual (BMOy-MRW), proposed method (BMOp-MRW) and the it-
erative approach (BMO-MRW). The signed and unsigned differences of BMOp-MRW
and BMO;-MRW with BMOy-MRW (called the BMO-MRW error) were calculated.
The Pearson correlation as well as root mean square error (RMSE) of automated
BMO-MRW measures with respect to the manual BMO-MRW were also computed.
Zou’s method for comparing two overlapping correlations based on two dependent
groups [112] was utilized to compare the Pearson correlations of BMOy-MRW with
BMOp-MRW and BMO-MRW (p-values < 0.05 was considered significant).

8.3 Results
Fig. 8.7 shows example results of BMO identification and BMO-MRW computa-
tion using the automated methods and the reference standard. For better visualiza-

tion, only the central part of each B-scan is shown. The first row in Fig. 8.7 shows an
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example that both automated methods successfully identified the BMO points. The
second and third examples demonstrate how presence of the externally oblique border
tissue causes erroneous BMO identification for the automated approaches; however,
the proposed method is less affected than the iterative approach. The externally
oblique border tissue attaches to the end of BM surface and resembles the BMO
points which influences the automated methods. The last example demonstrates a
case that the results of both iterative approach and the proposed method are affected
by the presence of an ambiguous border tissue. In such cases, without using the 3D
contextual information, it is very difficult (even for humans) to mark the exact loca-
tion of BMO. Note that when there is no border tissue present, the iterative and our
proposed methods have comparable performances (Fig. 8.7).

The unsigned and signed BMO identification errors in r-direction, z-direction,
and r-z plane are reported in Table 8.1. Based on BMO identification errors, the
proposed method outperformed our previous iterative approach [24] in z-direction,
r-direction, and r-z plane (p < 0.05). Similarly, the signed BMO identification error,
showed that the proposed method has significantly lower errors in r and z directions
than the iterative approach (p < 0.05). The maximum unsigned BMO identification
error in 7 and z directions and in the r-z plane for the proposed (iterative) method
were 76.5 (148.5), 42.8 (92.4), and 85.1 (166.17) um, respectively.

Table 8.2 shows the measurements associated with the structural parameter BMO-
MRW including unsigned and signed BMO-MRW error and RMSE. Based on the
unsigned BMO-MRW error, the proposed method had a significantly lower BMO-
MRW error than the iterative approach (p < 0.05). Similarly, the signed BMO-
MRW error showed that BMOp-MRW has significantly smaller bias than BMO;
(p < 0.05). The mean+tstandard deviation of manual and automated BMO-MRW
measures were 182.414£86.07 um (BMOy-MRW), 184.46+81.61 pm (BMOp-MRW),
and 187.33+88.51 um (BMO-MRW), respectively. The maximum unsigned BMO-
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Figure 8.7: Example results, left column is the original B-scan along with the ILM
surface and the right column demonstrates the segmentation results. The blue, yellow,
and green circles indicate the BMOp, BMOy, and BMO,,, respectively. The lines
connecting the BMO points to the ILM surface, indicate the corresponding BMO-
MRW measures.
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Table 8.1: Unsigned and signed BMO identification error in r-direction, z-
direction, and r-z plane in ym (Mean+ SD).

Unsigned Signed
Error Antony et al. [24] Proposed Antony et al. [24] Proposed

r-direction 49.534+30.41 37.98+14.91 26.494-40.22 -9.49+24.58
z-direction 31.584+21.06 22.284+ 8.58 25.45+14.37 8.33£17.72
r-z plane 63.03+36.28 49.284+16.78 - -

Table 8.2: BMO-MRW error measurements in pum

(Mean+ SD).
Error Antony et al. [24] Proposed
Unsigned error 26.65£13.27 22.22+ 5.99
Signed error 6.61+18.59 - 0.30+12.44
RMSE 17.99+ 8.15 11.62+ 4.63

MRW error of the proposed (iterative) method was 38.08 (75.10) pm. Furthermore,
the proposed method had a smaller RMSE than the iterative approach for computing
the BMO-MRW (p < 0.05).

The comparison of Pearson correlations of BMOy-MRW with BMOp-MRW
(0.992) and BMO-MRW (0.980) using the method in [112] showed that the proposed
method had significantly higher correlation with the reference standard than the it-
erative approach (p < 0.05). Additionally, Fig. 8.8 depicts the Bland-Altman plots
of BMOp-MRW and BMO{-MRW with respect to BMOy-MRW where the tighter fit
and smaller error of the proposed method in computing the BMO-MRW are observ-
able.

8.4 Discussion and Conclusion
In this chapter, we presented a machine-learning graph-based approach for au-
tomated segmentation of Bruch’s membrane opening from SD-OCT volumes. Our

results showed that the proposed method successfully identifies the opening points

132



Difference BMO-MRW (um)
(Iterative - Manual)
o
8
‘L
ol B
©

e
p
&
F
©

Mean BMO-MRW (um)
(Iterative + Manual)/2

(a)

§A 80.00
22
= 40.00

< ®
zs N s — e e e e e e e s e
g 5 | 000 W_Q_w & s %

< | o

Q (] L] (]
PG| rmmmme- P Nl 2] IE..JY OO WO
S 8 |-4000
S
£ = |-8000
a

Mean BMO-MRW (um)
(Proposed + Manual)/2

(b)

Figure 8.8: The Bland-Altman plots of (a) BMO-MRW and (b) BMOp-MRW in
comparison with BMOy-MRW. The proposed method has a tighter fit and lower
error than the iterative approach.
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of the BM surface such that it enables computing the structural parameter Bruch’s
membrane opening-minimum rim width (BMO-MRW) automatically. The proposed
method identifies the estimated location of BMO points by finding the BMO projec-
tion locations using a similar graph-theoretic approach reported in [22] with incor-
poration of shape prior and mapping them onto the BM surface. The estimated 3D
locations were utilized to find the 3D BMO loop by formulating the problem as com-
puting the minimum-cost path within the 3D volume using dynamic programming.
Since defining a mathematical model for BMO points is not feasible, as they appear
differently even in slices corresponding to a single subject, we learned the intensity-
based attributes of BMO points (in the form of PCA models) using a random forest
classifier which computed the cost function needed for identifying the minimum-cost
path.

To the best of our knowledge, our previous work [24] was the only non-
commercialized approach reported for identifying the 3D BMO points automatically.
We previously proposed an iterative graph-theoretic approach to segment the BM
surface along with its opening. A graph-theoretic approach was utilized for iden-
tifying the initial 2D segmentation of BMO points, and while the (r,8) pairs kept
unchanged, we looked for the corresponding z-values. Upon finding the 3D BMO
locations as part of the surface + hole method, a new radial projection image was
created from which the updated 2D locations were identified. This iteration was re-
peated until convergence. In this chapter, we aimed to improve our previous method
by removing the iterations and eliminating the two-step identification of the (r,0)
pairs and z values and instead, finding the (r, 0, z) coordinates as part of a 3D loop
in a single run.

The other limitation of the iterative approach was that in the presence of exter-
nally oblique border tissue [19], the iteration would continue to search for the BMO

point along the anterior surface of the border tissue. As discussed in Chapter 5, the
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presence of externally oblique border tissue confuses the algorithm and causes the
algorithm to find the BMO point on the border tissue instead of end of BM surface.
The presence of externally oblique border tissue was definitely one of the main reasons
for the large positive signed border positioning errors of the iterative method reported
in Table 8.1. The issue of presence of border tissue was addressed in the proposed
method to a certain extent by setting some edge weights to penalize the deviation
from the expected shape of path while performing shortest path identification.

The penalizing weights not only helped with avoiding the border tissues, but they
were also effective in dealing with the vessels shadows. Unlike a typical BMO point
locating at the end of a bright band, co-localizing a BMO point with a blood vessel
causes the BMO point to be located inside a dark region. Presenting the penalizing
weights helped the BMO path to keep the natural trend of the BMO trajectories in
the volume and not deviate from the expected shape of the BMO path. However, it
must be noted that setting up high penalizing weights is not the solution for the issues
of presence of border tissue and blood vessel shadows. The reason is that even though
higher penalizing weights leads to a stiffer BMO path with minimal variation in the
r- and z-directions; however, there are cases that the BMO path must be capable of
following the “true” natural translation of the BMO points throughout the volume.
Hence, there is a trade off between being capable of dealing with the presence of
border tissue and blood vessel shadows and following the true displacements of the
BMO path throughout the volume.

Additionally, the issue of presence of border tissue and the blood vessels were also
dealt with in identifying the 2D location of the BMO points. This was performed
by enforcing the prior shape constraint in the r-direction during applying the graph-
theoretic approach. Identifying an accurate 2D location of BMO points is important
as it leads to a better estimated 3D location which requires smaller search region to

find the actual BMO point. The size of the search region was computed based on the
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accuracy of estimated 3D BMO points in the training set. Shrinking the searching
area decreases the BMO point candidates and the reduces the size of the graph to be
solved.

In summary, we proposed a machine-learning graph-based approach for segmen-
tation of BMO point from SD-OCT volumes. After transferring the volumes to the
radial domain, radial projection images were computed by segmenting the intrareti-
nal surfaces. The projection images were processed using SWT in order to create
the vessel-free images in which the blood vessels were significantly suppressed. An
edge-based cost function was obtained from the gradient of vessel-free images to in-
corporate in a graph-theoretic approach for finding the 2D location of BMO points
(r,0). The volumes were downsampled in the z-direction to achieve an isotropic grid
(with the same size as the physical resolution) and an estimated 3D location of BMO
points, (7, z,0), were obtained by projecting the 2D coordinations onto the BM sur-
face. An elliptical search region around each estimated location was considered to
form a 3D tube from which the 3D BMO points were identified by looking for the
minimum-cost path within the searching tube using dynamic programming. The cost
function for finding the minimum-cost path was computed by inversing the likelihood
map generated by a RF classifier based on the resemblance of each point inside the
searching tube to the BMO intensity models. Once the BMO points were identified,
a similar approach as used to find the BMO path within the downsampled volume
was utilized to refine the z-values such that the 3D coordinates of BMO points in

image resolution were obtained.
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CHAPTER 9
CONCLUSION

The overall underlying theme of this thesis was to benefit from complementary
information available from multimodal imaging of the retina in order to automatically
segment the optic nerve head structures by incorporation of the machine-learning
techniques into theoretical graph-based approaches. Here, the structural parameter
of interest was Bruch’s membrane opening-minimum rim width (BMO-MRW) which
estimates the remaining neuroretinal rim tissue and could be employed for diagnosis
and monitoring glaucoma. Since it has been shown that BMO-MRW is superior to
other conventional structural parameters such as CDR in diagnosis of glaucoma [20],
it is important to be able to compute this parameter automatically. Hence, the focus
of the current work was on enabling automated computation of BMO-MRW which
required precise segmentation of ILM surface and BMO points.

Additionally, since during the screening of glaucoma patients, both fundus and
SD-OCT modalities are acquired to monitor structural changes, we also proposed
to benefit from complementary information of both sources in designing automated
approaches for segmenting optic disc structures. For instance, since the visibility
of retinal blood vessels inside the optic disc region is higher in fundus photographs,
we computed the vessel maps from fundus photographs and overlaid the results on
SD-OCT volumes.

Chapter 4 further demonstrated the benefit of combining complementary informa-
tion from SD-OCT modality and fundus photography for 2D segmentation of optic
disc (BMO points) and cup boundaries. Our results showed the superiority of the
multimodal approach over the unimodal methods which was consistent with results
of the previous work for multimodal segmentation of the retinal blood vessels [93].
The optic disc and cup boundaries were segmented using a graph-theoretic approach

for which the cost functions were computed automatically by random forest classifiers



that were trained using a multimodal feature set. For creating the multimodal feature
set, different information was extracted from intrinsic red, green, and blue channels
as well as three color-opponent channels of red-green, blue-yellow, and dark-bright
where the original use of the color-opponent channels as in [7] is motivated by the
theory of color vision.

Correspondingly, in order to be able to use complementary information form
fundus and SD-OCT modalities, we needed to register the images such that mul-
timodal information was extracted from the same locations in the images. We used
an [CP-based registration method in Chapter 4 for registering fundus photographs
and SD-OCT volumes where retinal blood vessel maps were utilized for identifying
the corresponding points (e.g. bifurcations and vessel-crossings) between images. The
vessel segmentation algorithms, however, could introduce errors to the registration
process by producing false positives. Additionally, results of vessel segmentation al-
gorithms [94] are scale-dependent and parameter-tuning based on the scale of the
input image must be performed in order to obtain satisfactory results. As our second
glaucoma dataset included color and stereo fundus photographs which have different
sizes and resolutions, in some cases, the ICP registration method utilized in Chap-
ter 4 needed additional manual corrections and failed to register the multimodal pairs
precisely.

Therefore, with the aim of removing the scale-dependency and increasing the
speed of the registration process, we proposed a feature-based registration algorithm
in Chapter 6 to align the fundus photographs (including color and stereo fundus) with
SD-OCT volumes using histogram of oriented gradients. The proposed registration
method extracts the common structural information (mostly from the retinal blood
vessels) within the surrounding region of each control point, which was detected
using FAST corner detection, without need of segmenting the blood vessels. The

histogram of oriented gradients attributes were employed to find the matching control
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points between image pairs. Finally, the fundus photographs were registered to their
corresponding SD-OCT volumes using the matched CPs.

The use of complementary information from multimodal images was extended
further in Chapter 7, where the blood vessels were segmented from the fundus pho-
tographs and the cost function for segmenting the ILM surface was modified at the
blood vessel location. Due to the technical limitation that exists in the original Towa
reference algorithm method [16] (i.e. surfaces must intersect with each column only
once), there are errors in segmenting steep slopes presenting in deeper cups of glau-
comatous SD-OCT volumes. Moreover, there are situations that we need to have the
ability to cut through the blood vessels in order to enable a more precise computation
of BMO-MRW (Fig. 7.2). Oguz et al. [135] showed the benefit of utilizing GVF in
brain segmentation. Similarly, in this work, in order to obtain a precise segmentation
of the ILM surface and manage the issue of presence of retinal blood vessels and steep
slopes, we benefited from the gradient vector flow (GVF) field. The SD-OCT volumes
were resampled using a set of non-overlapping columns, which were computed from
the GVF field of the initial segmentation of the ILM surface. Since the new columns
are normal at the ILM surface, the resampling transforms the ILM surface into a
very smooth structure. The non-overlapping GVF-based columns also served as the
columns in the graph construction where the prior information regarding the shape
of ILM surface in the resampled volume was incorporated in constructing the graph
from which the resampled ILM surface was segmented.

Chapter 8 summarized an automated approach for 3D segmentation of BMO
points form SD-OCT volumes. A similar approach to the graph-theoretic method that
was utilized in Chapter 4 with incorporation of shape prior information was employed
to identify the 2D locations of BMO points. The estimated 3D BMO points were
obtained by projecting the 2D coordinates onto the BM surface. We formulated the

3D BMO segmentation as finding the minimum-cost path (i.e. closed loop) within the
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radial volume. Following the overall theme of the thesis, we benefited from machine-
learning techniques for computing the required cost-functions and a random forest
classifier was used to compute the 3D cost function needed for finding the shortest
path. The random forest classifier was trained using a set of intensity-based features
including Gaussian derivative, Gabor, and intensity profile of the estimated BMO
point’s neighboring region where the dimensionality of the feature space was reduced
using the PCA technique. Formulating the problem as finding the shortest path within
the radial volume allowed us to enforce desired shape constraints and also assure that
the path is a closed loop. The circularity constraint was applied by running the
dynamic programming multiple times (i.e. the number of possible starting points)
and constraining the beginning and ending points of the path in each run. The path
with the lowest cost was considered as the 3D BMO segmentation result. In order
to be able to create the BMO intensity models in an isotropic r-z grid, the volume
was downsampled in the z-direction. Hence, a similar approach as used to find the
BMO path within the downsampled volume was utilized to refine the z-values such
that the 3D coordinates of BMO points in image resolution were obtained.

The genuine 3D segmentation method proposed in Chapter 8 enabled more ac-
curate identification of BMO points which results in more precise computation of
BMO-MRW measure and consequently, more accurate diagnosis of glaucoma.

Besides developing automated algorithms for computing the BMO-MRW param-
eters, we also investigated the effect of presence of externally oblique border tissue
(EOBT) in measuring BMO-MRW in Chapter 5. As externally oblique border tissue
attaches to the end of the Bruch’s membrane surface, the presence of EOBT causes
identification of the ending point of the Bruch’s membrane surface to be challenging.
Hence, we proposed EOBT-MRW as an alternative measure for computing BMO-
MRW when EOBT exists due to the fact that computing EOBT-MRW does not re-

quire identification of the exact location of BMO points. In contrast to BMO-MRW
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which is a point-to-surface shortest distance, EOBT-MRW is a surface-to-surface
shortest distance and measures the minimum Fuclidean distance between the ILM
surface and the anterior surface of border tissue. Our results showed that there was
not a significant difference between structure-structure correlations of RNFLT with
BMO-MRW and EOBT-MRW. This implies that, in addition to the point-to-surface
measure, BMO-MRW, the remaining neuroretinal rim tissue can be also estimated us-
ing the surface-to-surface measure, EOBT-MRW without requiring precise definition
of BMO point.

In addition to proposing a new structural parameter, we also compared two rim-
width-based parameters, BMO-MRW and BMO-HRW. Since the BMO-HRW does
not always measure the minimum Euclidean distance between the BMO point and
ILM surface, the possibility of overestimating the remaining neuroretinal rim tissue
using BMO-HRW exists. Hence we compared the structure-structure correlations
of these two parameters with RNFLT and the result showed that BMO-MRW out-
performed BMO-HRW. Significantly higher correlation of BMO-MRW with RNFLT
indicates that BMO-MRW better estimates the remaining rim tissue than BMO-
HRW.

In conclusion, we demonstrated examples of how automated algorithms for medi-
cal image analysis could benefit from combining information available from different
resources and modalities. Similarly, automated analysis of medical images in other
areas could profit from combining available complementary information in variety of
applications such as segmentation purposes and diagnosis and severity-related classifi-
cation. Furthermore, we demonstrated the flexibility and power of the graph-theoretic
approaches in different tasks and how we satisfied the task-objectives by incorporating
the required constraints and/or prior information in the graph construction. Lastly,
we showed that machine-learning techniques can be employed for computing cost

functions of the graph-theoretic approaches. Utilizing the machine-learning approach
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for designing the cost functions instead of hand-designed cost functions are beneficial
when we would like the cost functions to include information from different resources
or modalities. In addition, machine-learning approaches are expected to perform
better on producing the cost-function for unseen datasets than hand-designed tech-
niques. The algorithms proposed in this work were applied to ONH-centered fundus
photographs and SD-OCT volumes of glaucoma patients; however, they can be an
inspiration for other medical /non-medical image analysis applications where an ap-

propriate training set for training the classifiers exist.
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