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ABSTRACT

The advancement in computerized medical imaging has pushed the boundaries of
many researchers to develop automated algorithms for disease diagnosis without hu-
man intervention. Glaucoma diagnosis among various eye diseases has remained a
major challenge in the medical field. The lack of trained specialists and large patient
to ophthalmologist ratio, have motivated us to develop cost-effective computer-based
diagnostic systems that can assist medical experts in early diagnosis and aid in reduc-
ing their time and effort on healthy scenarios. In the glaucoma prediction procedure,
ophthalmologists analyze the retinal image for various eye pathologies such as increased
cup-to-disc ratio (CDR), neuro-retinal rim (NRR) loss, peripapillary atrophy (PPA),
retinal nerve fiber layer (RNFL) loss, disc asymmetry, etc. Through this thesis, we ex-
ploit many clinical indicators along with the recent deep convolutional neural networks

for better feature learning.

Regarding the methodology, the first contribution proposes an automatic detec-
tion and segmentation of one of the major retinal landmarks i.e., optic disc. Using the
location and intensity profile of the optic disc, a DI map is predicted using a U-net
architecture and OD is located with the LoG operator. Following this, a Generative
adversarial network is proposed to segment the disc boundary. A well-defined study
is performed among retinal datasets to validate the model performance. The second
contribution of this thesis is to use a multi-encoder U-net framework for optic cup
segmentation which significantly outperforms the state-of-the-art. The third contri-
bution detects the two major clinical indicators i.e., PPA and RNFL, of glaucoma
using two breakthrough techniques (Transfer and Active Learning) of deep learning.
We formulate a novel PPA detection algorithm using a fusion of statistical features
and high-level features from a pre-trained deep CNN. Further, we propose an Active
transfer learning framework for patch-level classification of RNFL loss. We show en-
couraging results in comparison to state of art and are able to handle well low dataset
scenarios. The fourth contribution of the thesis proposes an automatic glaucoma de-
tection algorithm using ensemble learning of various clinical signs (PPA, RNFL), an
SVM-based prediction model using cup and disc extracted features like CDR, ISNT
ratio, and finally deep pre-trained CNN-based prediction model. We perform a robust

set of experiments to validate the algorithm under all pathological conditions.
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This thesis presents localization, segmentation, and classification techniques for
medical images and can be applied to other applications. The proposed algorithms
have been validated on public standard datasets, such as Drishti-GS, Origa, Refugee,
and a private community camp-based challenging dataset collected from the All India
Institute of Medical Sciences (AIIMS), Delhi. In conclusion, we have shown encour-
aging results for disease identification. Ensemble learning with clinically significant

features and a deep CNN is a novel approach for glaucoma.
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Fig. 3.20

Fig. 4.1

Fig. 4.2

Fig. 4.3

Some representative examples of test images from all the databases.
Here the red and blue line markings show the ground-truth and
predicted markings for optic disc boundary. In the first row (A)
the optic disc image is affected by clinical atrophy named peri-
papillary atrophy (PPA) where the texture and color of pixels just
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Details are given in Sec. 3.6.2.2.3.

The proposed Y-net architecture with ResNet34 model as main and
EfficientNetB0 as side encoder for optic cup segmentation. At the
bottleneck layer inception and context block are added to capture
the cup of all sizes and also to maintain the spatial consistency of
pixels in feature maps. The right side of architecture shows the
decoder path that restores the feature maps back to the original
image dimension. Moreover, the blue and violet color encoder and
decoder subblocks have been shown (right bottom), here BN is
batch normalization, Conv is convolution, and ReLU is rectified
linear unit activation function. Also, the dark brown subblocks in
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that the lowest resolution of encoder is 16 x 16 pixels. Sec. 4.3 has

the relevant details of the network and subblocks.

The top inception bock consists of three parallel convolution op-
erations, with each path having different receptive field dimension
in order to capture the multi-size optic cup region. Next, the con-
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feature map. Details are given in Subsec. 4.3.3.1 and 4.3.3.2 re-

spectively.

It shows the conventional U-net at the top and its variant Y-net
with two encoder and one decoder architecture at the bottom. De-
tails in Sec. 4.3.2.2.
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Fig. 4.4

Fig. 5.1

Fig. 5.2

Fig. 5.3

Fig. 5.4

Representative examples of success in the Drishti-GS [6] and Refugee
datasets. Moreover, the results have been shown on the extremely
challenging AITMS Community Camp dataset. The AIIMS Com-
munity Camp dataset has images taken in poor lighting conditions,
using hand-held ophthalmoscopes. The rows show representative
examples of the success of correct OC boundary estimation in im-
ages from (a) Drishti-GS, (b) Refugee, (¢) AIIMS, and (d) other
miscellaneous challenging examples. Sec. has the details. The
red and blue circles represent the ground-truth and predicted cup

margins respectively. Details are present in Sec. 4.4.3

Some sample retinal images under non-uniform or poor lighting

107

conditions. The first column (images obtained from Drions dataset [7])

corresponds to a healthy retinal image at the top and its corre-
sponding cropped optical disk (OD) region, below. The second
and third columns represent PPA images and their correspond-
ing cropped OD regions collected from a private community camp
dataset (All-India Institute of Medical Sciences (AIIMS, hereafter),
New Delhi). The PPA region in the image (marked with a white
arrow) should be detected by a CAD system.

The complete pipeline for the proposed work representing three ma-
jor steps:(a) Region of Interest (ROI) Extraction, (b) Data Aug-
mentation, (c) Feature extraction from pre-trained ResNet50 [8]
and a statistical model, and lastly, (d) concatenation of features

and training of the final dense layers: Details in Sec. 5.3.1.

ResNet50 [8]-based proposed architecture for PPA classification.
The upper block represents the pre-trained layers from the ResNet50
model on the ImageNet dataset. The lower block represents the
clinically statistical features extracted from ROI. We concatenate
features from both models to generate a 2117-dimensional feature
vector. We finally train the dense layers (at the right) for binary
classification. Our experimentation in Subsec. 5.5.1.3 shows that
the combination of deep features and these clinically significant

features outperforms any of the individual models.

Details of the CONV and IDEN blocks from the overall proposed
network of Fig 5.3. These blocks contain shortcut connections
which help to deal with the vanishing gradient problem in deeper
connections. The upper block contains convolution operations and

lower consists of the identity skip connections.
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Fig. 5.5

Fig. 5.6

Fig. 5.7

Fig. 5.8

Fig. 5.9

It represents the detailed block diagram of the proposed work for
RNFL defect detection. The first four blocks which are blood ves-
sel extraction, inpainting, red-free channel enhancement and patch
generation with augmentation depicts the pre-processing steps re-
quired before training the network. Next block performs the train-
ing on patches with pre-trained VGG16 network in active learning
framework. Lastly for the tested complete image, a condition on
ratio of predicted RNFLD to total tested patches is applied to avoid
any false positives in final image prediction. Details are given in
Section. 5.4. 123

It shows the detailed pre-processing steps of the work. In the first
row it starts with a RGB image as input, extracted binary blood
vessels, inpainted RGB image. Next in second row green channel
inpainted image, equalized green channel inpainted image and ex-
tracted RNFL defect patches in red square are shown. Details are
given in Subsection. 5.4.1.1-5.4.1.2 . 125

The stage diagram of proposed active transfer learning (ATL) method
for RNFL defect detection from patch based training samples us-
ing VGG16 pre-trained network. Here input training image is a
patch with 64 x 64 x 3 pixel dimension and consists of three chan-
nels (red-free). The channels are green, blue and contrast green

channel. Details are given in Sec.5.4.2 127

The figure shows the test patches extracted from the region of in-
terest for image level testing of RNFL loss. The optic disc center is
marked with blue cross, the ROI is a circular region shown around
the optic disc with red circle and finally the extracted patches for
testing of 64 x 64 pixel dimension and 50% overlapping. Details
are given in Sec.5.4.3 128

The proposed method performs well for a wide variety of difficult
PPA pathology variations, which includes impressive performance
on a community camp-based dataset with poor illumination, poor
sitting conditions and low-resolution hand-held ophthalmoscopes.
The first row shows difficult cases with a wide variety of PPA tex-
tures. (The text box below each figure shows the corresponding
PPA probability as estimated by our method.) The second row
shows retinal images with poor resolution due to blurring or other
motion artefacts. Sec. 5.5.1.3 has the details. 131
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Fig. 5.10

Fig. 5.11

Fig. 5.12

Fig. 5.13

Fig. 5.14

A representative example of successful PPA detection (a) in spite
of high illumination, and some noise as well. In this case (b),
the ResNetb0 model-based features gives low probability value of
0.479 and mis-classifies it as healthy. The statistical features are
relatively unaffected by the high illumination (a probability value of
0.66). The proposed fused feature technique enables the successful

classification with a probability values of 0.78.

An example of another difficult query image(healthy), with some
dark texture around the optic disc (a). The ResNet50 model mis-
classifies this as a PPA case. A classification with clinically statis-
tical features correctly classifies this as a healthy case. The pro-
posed fused feature technique enables the successful classification
with the minimum PPA probability among the three (0.009), which
indicates a healthy eye. The adjoining bar plot (b) indicates the
relative PPA probability scores corresponding to the three meth-

ods.

A representative example (a) of the proposed fusion technique suc-
ceeding when deep features and statistical features individually
misclassified the image. This is a difficult-to-classify example of a
healthy eye. Both statistical features and ResNet50 individually
failed to classify the query image as Healthy (b). Here, the fusion
strategy works with a PPA probability score of 0.12 (and a con-
sequent Healthy Eye probability of 0.88). Sec. 5.5.1.3.1 has the
details.

Successful classification on some representative challenging images:
The first row shows the query PPA images collected from commu-
nity camps. The second row represent the healthy images from
publicly available datasets. The probability scores shows the suc-
cessful classification in spite of blurry/varied pathological cases.
The text box shows the PPA detection probability from our pro-
posed fusion approach, and the ground truth(GT) marking by ex-
perienced ophthalmologists. Details in Sec. 5.5.1.3.1.

Implementation details: No over-fitting. The graphs above show
the loss (a) and accuracy (b) performance of our PPA classifica-
tion for training and validation data with each epoch. The model
clearly learns the data without any over-fitting. More details are
in Sec. 5.5.1.4.
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Fig. 5.15

Fig. 5.16

Fig. 5.17

Fig. 5.18

Fig. 5.19

Fig. 6.1

Fig. 6.2

The plot shows the number of training samples at each iteration of
active learning method Vs test accuracy of patch-based learning.
It clearly shows that as the number of labelled samples increases
in training set the test accuracy increases. Details are given in
Sec.5.5.2.2

The bar plot shows the effect of various selection criterion’s on
the test accuracy. It shows that high entropy criterion when used
for sample selection gives best test accuracy of 97.75% over other

metrics. Details are given in Sec.5.5.2.2.

The graphs above show the (a) accuracy and (b) the loss perfor-
mance of our RNFL patch classification for training and validation
data with each epoch. The model clearly learns the data without
any over-fitting. More details are in Sec. 5.5.2.3.

The figure shows the complete test image, from where testing
patches are generated and fed input to the model for testing. The
blue color dotted squares represent the predicted RNFL defect re-
gions and the red shows the ground-truth RNFL defect areas. It
can be seen that most of the predicted patch overlap with GT and
thus gives high sensitivity. Details are given in Sec.5.5.2.2

Comparison of FROC curves for different RNFLD detection algo-

rithms. Details are given in Sec.5.5.2.4

The figure (a) shows a sample retinal (or fundus) image. It consists
of three major anatomical structures i.e. optic disc (optic cup
inside it), macula and blood vessels. An enlarged version of optic
nerve head (ONH)/optic disc has been shown in (b) with expert
annotated optic disc (OD) and optic cup (OC) boundaries. The
healthy image shows a orange color neuro-retinal rim (NRR) region

between cup and disc. Details are given in Sec. 6.1.

The block diagram shows the complete pipeline of proposed algo-
rithm. It takes the RGB retinal image of dimension 605 x 700 pix-
els as input and perform various pre-processing steps to highlight
the significant features such as blood vessel extraction, vessel in-
painting, image enhancement etc. A series-wise implemented steps
include optic disc segmentation using chanvese based active con-
tour, optic cup segmentation with multi-thresholding and vessel
bending information. In the last step of proposed algorithm, CDR
and ISN'T parameters are used to classify the image into glaucoma

or normal. Details are given in Sec. 6.3.1.1.
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Fig. 6.3

Fig. 6.4

Fig. 6.5

Fig. 6.6

Fig. 6.7

Fig. 6.8

Curve C propagating in two-dimensional space along normal direc-

tion. Details are given in Sec. 6.3.1.1.2.

(A) The input RGB image is pre-processed to extract (B) Red
channel image with an (C) initial circular mask (red circle) and (D)
finally active contour is applied which results into a curve fitted to
the optic disc boundary. At last image (E) gives the segmented
binary disc OD. Details are given in Sec. 6.3.1.1.2

Some sample glaucoma images that shows pallor region marked
with blue color for cup segmentation. As the disease progresses

the pallor color becomes yellowish-white. Details are given in

Sec. 6.3.1.1.3.2.

Retinal blood vessel in-painting for pallor region extraction in RGB
images. The top left image represents the cropped RGB image
with extracted region of interest for cup segmentation and bottom
left corresponds to vessel-inpainted RGB image. The blood vessels
have been fused into the background which clearly brings out the
margin between cup and rim regions. The idea is to blend the
vessel colour into the cup to create a smooth intensity region in-
side cup for thresholding. Moreover, the second column shows the
thresholded outputs corresponding of images with no and inpaint

images. Details are given in Sec. 6.3.1.1.3.2.

It shows the Step 1 and 2 of the cup segmentation algorithm. The
input RGB image after global multi-thresholding gives a segmented
image in color space (second image from left), along with the high
intensity pixels shown in red color along with blood vessels sur-
rounding it (third image from left). Finally the resulted convex
hull operated binary image (last image) gives initial estimate for

cup region. Details are given in Sec. 6.3.1.1.3.

The series-wise implemented steps (Step 3-7) for cup segmentation
includes (a)vessel cleaning: hair-like vessel trimming, remove small
vessel segments, remove nearby branch points etc. (b) significant
branch point selection based on criterion (c) Fit a best possible
circle to all extracted branch points in all sectors (d) use Coarse-
to-fine multi-thresholding information to refine the cup boundary.

Details are given in Sec. 6.3.1.1.3.
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Fig

Fig
Fig

Fig.

Fig
Fig

Fig.

. 6.9

. 6.10
.6.11

6.12

.6.13
.6.14

6.15

It shows some of the sample results for disc and cup segmentation.
The black circles corresponds to proposed disc (outer) and cup
(inner) boundaries. The dotted circles in red, green and blue shows
the three expert marked cup boundaries. Moreover, the vessel
bend points are also shown with blue circles which gives the close
estimate to true cup margins. Details are given in Sec. 6.3.1.2.2.
Proposed CNN architecture for glaucoma diagnosis

Loss (a) and Accuracy curves (b) for the proposed CNN as glau-
coma classifier

CNN prediction score for Glaucoma. (a) Score for true glaucoma
images and (b) true healthy retinal images.

Pipeline for Glaucoma Diagnosis. Details in Sec. 6.3.3.2.
Categories of Glaucoma datasets. The left image shows the cate-
gory A database image which has optic disc centered retinal im-
ages from the Rim-one dataset. On the right side the B category
database are represented by a full size retinal images extracted
from ORIGA database. Details in Sec. 6.3.3.4.

ROC curve for Drishti dataset with six standard pre-trained CNN

networks.
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Table.

Table.

3.1
3.2

3.3

3.4

3.5

3.6

3.7

3.8
3.9

3.10

3.11

LIST OF TABLES

Detailed Retinal Image datasets. Description is given in Sec. 3.6.1.1
The evaluated test accuracy for each database with different train
and test combinations. The first three rows show the individual
dataset being trained and tested. It has been observed that the
Drive, Drions, Stare, and Drishti perform better when trained with
Messidor rather than with Kaggle. Whereas the AIIMS private
database gives 5.08% better accuracy rate when trained with Kag-
gle images.

The proposed approach has compared the performance parameter
(accuracy) with state-of-art methods for Messidor database under
1R and 1/2R regions. Details in Sec. 3.6.1.6.

Proposed optic disc segmentation algorithm performance parame-
ters for different databases

Comparison of methods for optic disc segmentation for DRIONS
Database. The symbol ”-” represents no result has been reported

for the case

Comparison of methods for optic disc segmentation for RIM Database.

The symbol ”-” represents no result has been reported for the case
Comparison of methods for optic disc segmentation for DRISHTT-
GS Database. The symbol ”-” represents no result has been re-
ported for the case

Detailed Optic Disc Retinal Image Segmentation datasets

It shows the three performance parameters sensitivity, overlap and
dice metric values with different gan2seg loss tuning parameter
() for Drishti-GS1 database. It implies the trade-off between the
adversarial and segmentation losses. Details in Sec. 3.6.2.2.3.

Dice metric based confusion Matrix of 8 different databases. The
bold values represent the numbers selected to give the maximum
possible average dice metric for combined test images when trained
with four datasets i.e Riga-BinRushed, Drishti-GS1, Refugee and
Rim-One. Details are given in Sec. 3.6.2.2.3.

Optic disc overlap based confusion Matrix of 8 different databases.
The bold values represent the numbers selected to give the maxi-
mum possible average overlap for combined test images when trained
with four datasets i.e Riga-BinRushed, Drishti-GS1, Refugee and
Rim-One. Details are given in Sec. 3.6.2.2.3.
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Table.

Table.

Table.

Table.

Table.

Table.

Table.

Table.

Table.

3.12

3.13

3.14

4.1

4.2

4.3

4.4

4.5

5.1

The three major performance parameters i.e., sensitivity, disc over-
lap and dice metric used for evaluating the performance of proposed
generative adversarial network for eight different datasets. Details

are given in Sec. 3.6.2.2.3.

The proposed approach has compared the performance parameter
(sensitivity, overlap and dice metric) with state-of-art methods for
Drishti-GS1 database. Details in Sec. 3.6.2.2.4.

The proposed approach has compared the performance parameter
(sensitivity, overlap and dice metric) with state-of-art methods for
Refugee database. Details in Sec. 3.6.2.2.4.

All the optic cup segmentation datasets with image count and di-
mension. For experimentation purpose we have used four public

and one private dataset. Details are given in Sec. 4.4.1.

To evaluate the performance of the algorithm, the validation results
for different architecture has been shown for Drishti-GS dataset.
All three performance parameters (sensitivity, overlap and dice
metric) are given below to compare different models. Details in
Sec. 4.4.3.

The proposed approach has reported the performance parameter
(sensitivity, overlap and dice metric) for all four public databases
i.e Drishti-GS1, Refugee, Drive, Stare and one private dataset col-
lected from AIIMS, New Delhi. Details in Sec. 4.4.3.

The proposed approach has compared the performance parameter
(sensitivity, overlap and dice metric) with state-of-art methods for
Drishti-GS database. Details in Sec. 4.4.4.

The proposed approach has compared the performance parameter
(sensitivity, overlap and dice metric) with state-of-art methods for
Refugee database. Details in Sec. 4.4.4.
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In the proposed architecture (Fig. 5.3, the layers till CONVB+(IDENx2)

have been pre-trained on ImageNet database. The 2048-dimensional

extracted features are concatenated with a 6&8-dimensional clini-

cally significant statistical feature vector, to generate a 2117-dimensional

full feature vector. Towards the right of Fig. 5.3, a fully connected
layer of 128 neurons is added, followed by one with a sigmoidal
activation function. The classification training is performed only
for last layers and rest are frozen i.e., no weight updating is done

for them.
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Table.

Table.

Table.

Table.

Table.

Table.

5.2

2.3

0.4

2.5

5.6

5.7

Details of the seven Retinal Image datasets for PPA. The first six
are publicly available. The last is a private one, which we have
used for validation. This is a rather challenging one, collected
from community camps of AIIMS, New Delhi. This has images
captured under poor lighting conditions, poor sitting setups, and
low-resolution hand-held ophthalmoscopes. All images have been
manually marked by an experienced ophthalmologist from AITMS.
Sec. 5.5.1.1 has the details.

This table summarizes experimentation performed with various
augmentations methods. We have experimented with standard ge-
ometric transformations such as rotation, flipping, motion blur,
shear etc. both individually, as well as with combinations of the
same. To enhance the variability of the training data, we have also
experimented with color/grey level-based transformations such as
unsharp masking, blurring and noise. A combination of unsharp,
noise, motion blur, and vertical flip gives the best performance

among all types. Sec. 5.5.1.2 has the details.

Performance comparison with state-of-the art methods. The first
four methods are based on statistical features. The last-but-one
is based on a deep learning model using pre-trained weights. The
last method is the proposed fusion of statistical and deep network
features. Sec. 5.5.1.5 has the details.

Details of the RNFL dataset patches. Each image has been manu-
ally marked by an experienced ophthalmologists from AIIMS. The
RNFL defect and background patches have been split-ed into ap-
proximately 9:1 train-test ratio. Sec. 5.5.2.1 has the details.

Effect of patch size of input training data. As patch size in-
creases test accuracy increases. Also, the training image patches
have been augmented with flipping, rotation and zooming opera-
tions.Sec. 5.5.2.2 has the details.

A comparison with Transfer and active learning has been per-
formed with Vggl6 architecture as the backbone network. In the
first row, TL gives an average accuracy of 73% whereas the active
learning results into much better average accuracy of 93.2%. In
the final experiment a combination of transfer and active learning
approaches has been performed and it gives an overall increase in

test accuracy with a value of 97.2%.
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Table. 5.8

Table. 5.9

Table. 5.10

Table. 6.1

Table. 6.2

Table. 6.3

Table. 6.4

Table. 6.5
Table. 6.6

The table shows some comparison of proposed method with other
works and architectures as the backbone for the experimentation.
The first row represents a 7-layer CNN trained on red-free patches
with obtained average accuracy of 92.94%. Further the network
of [9] has been used along with AL framework which leads to
increase in accuracy by 2.56%. Similarly, third row represents
ResNet34 architecture as backbone and generates an accuracy of
95.78%. Details are given in Sec. 5.5.2.3.

A 7 Leave-one-out” test method has been employed in the given
table due to limited database. The columns from second to fifth
shows the TP, TN, FP and FN values used to calculate the per-
formance measures shown in Table 5.10. Each row represent a set
which has been trained on 12 images and tested on the first col-
umn image. The last two column shows the predicted and true
label of the overall image based on 30% criterion mentioned in de-
tail in Sec. 5.5.2.4. Here 1 corresponds to RNFL defect and 0 to
background patch respectively.

Performance comparison of Retinal nerve fiber layer defect (RN-
FLD) in fundus image with other state-of-art methods. Details are
given in retinal Sec. 5.5.2.4.

The table shows performance comparison of proposed algorithm
to other methods for optic disc segmentation on Rim dataset.
Sec. 6.3.1.2.3 has the details.

The table shows performance comparison of proposed algorithm to
other methods for optic disc segmentation on Drishti-GS1 dataset.
Sec. 6.3.1.2.3 has the details.

The table shows performance comparison of various methods for
optic cup segmentation on Drishti-GS1 dataset. The experiment
has been performed on 101 images of publicly available Drishti-GS1
dataset. The performance parameters like sensitivity, specificity,
optic cup overlap and dice metric has been shown in the table for
other methods and the proposed methodology. Sec. 6.3.1.2.3 has
the details.

Confusion matrix for Glaucoma analysis on Drishti-GS1 dataset of
101 images. The algorithm classifies each image into glaucoma or
normal. Each image has expert marked labelling corresponding to
one of these two class. Sec. 6.3.1.2.2 has the details.

Detailed architectural design for the proposed CNN

Detailed glaucoma public datasets
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Table.

Table.

Table.

Table.

Table.

Table.

Table.

Table.

Table.

6.7

6.8

6.9

6.10

6.11

6.12

6.13

6.14

6.15

Detailed results for Glaucoma classification on Refugee, Drishti-
GS, and HRF public datasets

The obtained performance parameters such as sensitivity, speci-

ficity, positive predictive value, accuracy, and F'1-score on the Drishti-

GS database

All the public glaucoma datasets with image count and dimen-
sions.Details are given in Sec. 6.3.3.4.

Six major State-of-art deep convolutional networks that has been
experimented on Drishti-GS1 dataset with 80% training, 10% vali-
dation and 10% testing respectively. All layers have been fine-tuned
after the warm-up of last dense layers using pre-trained weights of
Imagenet database.

Different networks trained and tested individually on each dataset.
The values shows the accuracy and area under the curve perfor-
mance parameters.

Performance parameter comparison of Ensemble learning approach
with pre-trained deep network and CDR based classification ap-
proach for Drishti dataset.

Performance parameter comparison of Ensemble learning approach
with pre-trained deep network and CDR based classification ap-
proach for Origa dataset.

Performance parameter comparison of Ensemble learning approach
with pre-trained deep network and CDR based classification ap-
proach for Rim dataset.

Significance of RNFL loss and PPA clinical indicators in glaucoma

diagnosis
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OD
RNFL
WHO
VHI
CDC
AMD
DR
[IAPB
CAD
OCT
ONH
FOV
IOP
VFT
CFP
NTG
NEI
HRT
CDR
PPA
NRR
ISNT
ML
GT
PCA
SVM
KNN
ROI
CNN
CHT

LIST OF ABBREVIATIONS

Optic Disc

Retinal Nerve Fiber layer

World Health Organization
Vision Health Initiative

Center for Disease Control and Prevention
Age related Macular Degeneration
Diabetic Retinopathy
International Agency for the Prevention of Blindness
Computer Aided Diagnosis
Optical Coherence Tomography
Optic Nerve Head

Field of View

Intra Ocular Pressure

Visual Field Test

Colored Fundus Photographs
Normal Tension Glaucoma
National Eye Institute

Heidelberg Retinal Tomography
Cup-to-Disc Ratio

Peripapillary Atrophy

Neuro Retinal Rim

Inferior Superior Nasal Temporal
Machine Learning

Ground Truth

Principal Component Analysis
Support Vector Machine
K-Nearest Neighbor

Region of Interest

Convolutional Neural Network

Circular Hough Transform
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LIF
DCNN
BN
CCE
CRF
CFI
CSD
CCA
Ccv
FCM
SWFCM
LS
MSE
MAE
SLIC
GAN
SGD
RBF
LDA
LBP
GLCM
HOG
BIF
LOG
CLACHE
ACC
ROC
AUC
DRIVE
DRIU
DDLS

Local Image Fitting

Deep Convolutional Neural Network
Batch Normalization

Categorical Cross-Entropy
Conditional Random Field
Colored Fundus Image

Coupled Sparse Dictionary
Canonical Correlation Analysis
Chan-Vese

Fuzzy c-Means

Spatially Weighted Fuzzy c-Means
Least Square

Mean Square Error

Mean Absolute Error

Simple Linear Iterative Clustering
Generative Adversarial Networks
Stochastic Gradient Descent
Radial Basis Function

Linear Discriminant Analysis
Local Binary Pattern

Gray Level Co-occurrence Matrix
Histogram of Gaussian
Biologically Inspired Features

Laplacian of Gaussian

Contrast Limited Adaptive Histogram Equalization

Accuracy
Receiver Operating Characteristic

Area Under Curve

Digital Retinal Images for Vessel Extractions

Deep Retinal Image Understanding
Disc Damage Likelihood Scale
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