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IMAGE & SIGNAL PROCESSING

A Two Layer Sparse Autoencoder for Glaucoma Identification

with Fundus Images
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Abstract

Glaucoma is a type of eye condition which may result in partial or consummate vision loss. Higher intraocular pressure is the
leading cause for this condition. Screening for glaucoma and early detection can avert vision loss. Computer aided diagnosis
(CAD) is an automated process with the potential to identify glaucoma early through quantitative analysis of digital fundus
images. Preparing an effective model for CAD requires a large database. This study presents a CAD tool for the precise detection
of glaucoma using a machine learning approach. An autoencoder is trained to determine effective and important features from
fundus images. These features are used to develop classes of glaucoma for testing. The method achieved an F — measure value of
0.95 utilizing 1426 digital fundus images (589 control and 837 glaucoma). The efficacy of the system is evident, and is suggestive
of its possible utility as an additional tool for verification of clinical decisions.

Keywords CAD - Cascade - Glaucoma - Sparse autoencoder

Introduction

Glaucoma is an ocular condition which mainly affects the
optical nerves, and when left untreated, eventually causes
blindness. According to the Glaucoma Research Foundation,
glaucoma is the leading cause of blindness (https://www.
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glaucoma.org/glaucoma/glaucoma-facts-and-stats.php). The
optic nerve has approximately 1 million individual nerve
fibers which are responsible for transmission of visual
signals between eye and brain. Primary open-angle glaucoma
is the most common form wherein one can observe very high
fluid pressure. This increase in pressure may cause progres-
sive damage to the optic nerve and a loss of nerve fibres. The
fluid pressure inside the eye is the intraocular pressure (IOP)
[1-3]. The optic nerve captures images and sends them to the
brain. Raised IOP causes optic nerve damage leading to visual
field defects and eventual blindness. Heredity plays a role in
the occurrence of glaucoma. Glaucoma often manifests in the
later stages of life due to heredity. Hence it is recommended to
have one’s eyes checked each year, for those individuals
above the age of 40. However, glaucoma can even occur in
teenagers, children, and infants (https://www.webmd.com/
eye-health/medical-reference). The probability of glaucoma
in a diabetic patient is increased; hence all such patients are
advised to have their eyes checked regularly. The block in
fluid (aqueous humour) within the eye leads to an increase
in IOP, which causes optic nerve damage [4, 5]. Neuroretinal
rim defects are evident as the initial features of optic nerve
damage. This layer will be thickest near the optic disc, and it
diminishes toward the ora serrata, as per ISNT rule [6].
Defects in the neuroretinal rim become readily apparent by
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measuring the cup-to-disc ratio (CDR) [7]. The ideal CDR
value for the human eye is 0.3 [2, 8]. It is currently difficult
to identify this illness in its initial stages as it is asymptomatic.
Thus, the development of computer aided diagnosis (CAD)
tools have become a major research focus to obtain an
early and automated glaucoma detection system.

In recent years, many methods were proposed for glauco-
ma classification. Most of the algorithms incorporate feature
extraction and classification technology. Feature extraction
has been implemented in previous related work using the
wavelet transform [9-13], the Gabor transform [14], and
higher order spectral analysis (HOS) [15-17]. Many machine
learning and neural network schemes such as the artificial
neural network (ANN) [18-20], support vector machine
(SVM) [9, 10, 14], and k-nearest neighbor (k&-NN) [21-23]
have been employed for classification of glaucoma. Recently
there were several techniques proposed which utilize big data.
Chen et al. made use of 1676 images and achieved an area
under curve (AUC) of 0.887 for glaucoma detection using a
convolutional neural network (CNN) and ROI (i.e., region of
interest) [24]. In [25] an expert system was developed using
GIST and SVM which achieved a 97% accuracy level from a
pool of 1000 fundus images. The same research group has
recently proposed a powerful model for glaucoma detection,
which can even classify during the initial stages, using a CNN
with 18 layers, and making use of 1426 digital fundus images.
This technique achieved a maximum accuracy of 98.13%
[26]. The most recent studies and methodologies are summa-
rized in Table 1.

From the literature, it is observed that CAD tools for glau-
coma detection are developed by researchers using both
handcrafted features and CNN modules. However, design of
feature learning algorithms is tedious, and the designer must
have appropriate knowledge of handcrafted features. The
CNNs have shown remarkable performance on big datasets
when used with various tuning parameters. Yet some of these
algorithms are not particularly feasible for use with the larger
datasets because of feature impartiality. To overcome this im-
pediment and enhance classification, a more powerful algo-
rithm would be needed. Such a system is described herein,
with the following two key factors:

e Effective utilization of an autoencoder, for the successful
identification of glaucoma, while avoiding manual feature
extraction methods.

» Use of a large dataset with multiple cases of control versus
the glaucoma condition.

The remainder of this paper is arranged as follows.
Section 2 provides background theory for sparse
autoencoders, and proposed methodology with the utilized
materials. The experimental results are presented in
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Section 3. Discussion of the results and concluding remarks
are given in Sections 4 and 5, respectively.

Approach using a sparse autoencoder
Dataset

The created dataset consists of 1426 retinal fundus images, of
which 589 are control and 837 are glaucoma images. It in-
cludes 294 normal and 418 glaucoma subjects; however one
subject had unilateral glaucoma. Hence the respective images
are included in both glaucoma and normal subjects. All im-
ages were collected from Kasturba Medical College, Manipal,
India. Institutional ethical approval was obtained for capture
of all fundus images analysed for the study. Normal fundus
images were acquired from patients visiting for a routine
health check-up. Images were collected from glaucoma pa-
tients having vision problems, and these were categorized as
mild, moderate and severe, after a detailed clinical examina-
tion by experts. The images were acquired from the age group
of 2070 years, during the last five years. The fundus camera
Zeiss FF 450 was used for image capture, and images were
then converted to the jpeg format for processing, which has a
negligible effect on the model performance. The database,
which is used in this study, is comparatively large and diverse
as compared to public databases. Sample images are shown in
Fig. 1.

Methodology

The ultimate aim of this work was to categorize normal versus
affected eye. We propose the following structure, containing
cascading autoencoders, as depicted in Fig. 2. Here, two
autoencoders are cascaded, and then combined using a
Softmax layer. Three components were trained separately; un-
like autoencoders, Softmax is trained in a supervised way
using training labels. Regularizers such as L2Weight (L2W)
regularization, sparsity regularization, and sparsity proportion
are used by the autoencoder, depending on the nature of the
application.

Sparse autoencoder

Autoencoders are useful for unsupervised learning. They are
designed to learn a low-dimensional representation from a
higher-dimensional dataset [34—36]. With the limited capacity,
the model is forced to form a very efficient encoding of the
data that is essentially the low-dimensional code (please refer
to Fig. 3).

The encoder and decoder may have multiple layers; how-
ever for each instance a single layer is considered. The input
vector x can be mapped to another vector z by the encoder as
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Table 1 Comparison of the
proposed methodology with
existing works

Paper Description #images Performance (%)
[18] CDR and ANN classifier is used. 61 GSn: 100
GSp: 80
[27] Histogram based features are used. - CDR Error: 0.091
[20] Self-organizing maps are used. 127 CR: 87.50
[22] Independent component analysis and A&-NN 120 GA: 91
classifier is used.
[10] Empirical wavelet transform, correntropy 555 GA(Three fold): 98.33
and LS-SVM classifier.
[13] Wavelet energy features are used with - 95%
probabilistic neural network classifier.
[28] Wavelet based energy features and sequential 60 GA: 93
minimal optimization are used.
[11] Wavelet energy features and classifier ANN - GA: 97.6
is used.
[12] Wavelet and geometric moment features 350 GA: 86.57
and classifiers such as SVM, k-NN, error
back-propagation training algorithm are used.
[15] HOS cumulants features and Naive 272 GA: 84.72 (2 class)
Bayesian classifier is used. GA: 92.65 (3 class)
GSn: 100
[29] HOS bispectrum and random forest are used. 60 GA91
[16] HOS, trace transform and discrete wavelet 60 GA: 91.67
transform (DWT) and SVM classifier are used. GSn: 90
GSp: 93.33
9] HOS and DWT based features, SVM 60 GA: 95.00
classifier are used. GSn: 93.33
GSp: 96.67
[30] Hough transform, linear discriminant analysis - GA: 723
(LDA) and classification trees.
[31] Circular Hough transform and 325 CDR error: 0.10
unsupervised classification.
[21] Haralick texture features and classifier &-NN 60 GA: 98
is used.
[23] Local configuration pattern and texton along 702 GA: 95.7
with &-NN is used. GSn: 96.2
GSp: 93.7
[32] Variational mode decomposition and entropy 488 GA: 95.19
with SVM is used. GSn: 93.62
GSp: 96.71
[14] Gabor transform and SVM classifier is used. 510 GA: 93.10
GSn: 89.75
GSp: 96.20
[25] Radon transform, GIST and locality sensitive 1000 GA: 97.00
discriminant analysis (LSDA) with SVM is used. GSn: 97.80
GSp: 95.80
[33] Bit-plane slicing and local binary pattern 1426 GA: 99.30
GSn: 98.84
GSp: 99.64
[24] CNN 1676 AUC:0.887
[26] CNN (18 layer) and LDA are used. 1426 GA: 98.13
GSn: 98.00
GSp: 98.30
Proposed Method Sparse autoencoder 1426 GA:95.3%
GP:96.76%

*GA-Accuracy, GSn-Sensitivity, GSp-Specificity, Classification rate: CR, GP:Precision
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glaucoma
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Fig. 1 Sample images used in the current study

z=h(Wx+b) (1)

where /4 is the transfer function and it is also a sigmoid func-
tion, W is the weight matrix, and b is a bias vector. In the
decoding section, the original input vector is estimated as

A=H(Wz+Db) (2)

Further, adding a regularizer to the cost function leads to a
possible sparsity of an autoencoder [34]. To limit the average

.........................................................................
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.........................................................................

Feature |

Input layer

Fig. 2 Graphical illustration of the proposed methodology
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activation value of the hidden-layer neuron, a sparse penalty
term is added to the cost function [35]. The cost function is
defined as

C = (mean squared error) + \*(L, regularization )
+ B*(sparsity regularization)

The coefficients A (i. e., for L2ZW regularization) and (3 (i.
e. for sparsity regularization) are optimally adjusted while
training an autoencoder. Training the autoencoder is per-
formed to find the optimal parameters and to reduce the re-
construction error.

Softmax regression

Softmax regression is largely used for supervised learning.
This regression is incorporated at a later stage to differentiate
the output from the stacked autoencoder into various
categorizations.

Herein, (z, /) is a Softmax regression training sample,
where z represents the feature vector and / € (1,2) represents
the class label. The output of the Softmax is defined as

_ eﬂsz
wo-(M) (%) o

T2
z e@,»Tz
i=1

where gy(z) is the hypothesis probability vector, 6, and 0, are
the model parameters, and
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input encoder

Fig. 3 Architectural view of an autoencoder

2
1/ 5

i=1
normalizes the probability distribution [36, 37].

Working

Instead of adding fundus images directly to the model, which
would result in a high computational complexity, the fundus
images were rescaled, and then input to a model consisting of
a stack of autoencoders. A dataset of 1426 images having a
1024 x 1024 pixel dimension was acquired and then resized to
64x64 pixels. In this study we have included 70% of the
images for training and 30% for testing, which translates to
998 training fundus images and 428 test images. Once the
images are resized, they are discretely stored in matrix form
(training images and testing images are stored in two different
matrices). Now labels are stored as per the training and testing
images in a matrix. Matrix labelling is done in such a way that
in every column the element is set to 1 to denote the class of
the corresponding image. Neural network weights, when ar-
bitrarily assigned, can result in differing convergence. In order
to eschew this consequence, we initially set the random num-
ber generator to default to prevent deviation in the result. The
sparse autoencoder utilized for the study incorporates
regularizers to learn the sparse representation in the first layer.
Next the raw data is input to the 1st sparse autoencoder, thus
obtaining primary features. These primary features will then
be used as raw input for the 2nd sparse autoencoder to learn
secondary features. Hence, each layer’s outputs are connected
to the successive layer’s inputs. After pilot experiments, sys-
tem parameter values were selected based on highest accuracy
achieved; see Section 4. The first hidden layer weighting was
thus assigned a value of 20. The first autoencoder was then
trained with a weight regularization of 0.04, sparsity regular-
ization of 420, and a sparsity proportion whose value should
be between 0 and 1 was assigned to be 0.15 for the glaucoma
dataset, with a maximum Epoch of 5. Each image consists of
12288 pixels (data points), and as the images are alimented,
the 1st autoencoder assigns features automatically and it

code

decoder output

reduces the dimensionality of data points from 12288 to 20.
The output of the first autoencoder will then be accommoda-
tive for input to the second autoencoder (please refer to Fig. 4).

The output from the antecedent autoencoder is then trans-
ferred into the second autoencoder, which is designed in a
homogeneous fashion similar to the first autoencoder, but
the layering has been reduced to 10 so that the second
autoencoder learns a more minuscule representation of the
image. At this stage, the linear regularization value is 0.02,
and the sparsity regularization is 420, with a sparsity propor-
tion of 0.85 and maximum Epoch of 20. A single image in the
Ist autoencoder had 12288 input and output nodes (i.e., di-
mension of 64x64%3 nodes). Secondary features are obtained
in this autoencoder, which will serve as raw input for the
Softmax layer. The basic structure of the Softmax layer is
provided in Fig. 5.

Furthermore, the Softmax layer is then trained for the 10
features of the 2nd autoencoder, with the maximum Epoch
being 400. The features are reduced from 12288 to 10, which
will increase the Softmax layer efficiency and decrease pro-
cessing time. The Softmax layer is trained in order to match
the secondary features.

Results

The system performance is calculated using accuracy (GA),
precision (GP), recall (GR) and F-measure. For an instance,
we have the number of true positive (TP), number of true
negative (TN), number of false positive (FP) and number of
false negative (FN); then the preceding can be calculated as:

TP + TN
GA = + 4)
TP+ FP+ TN + FN
TP
P:*
G TP + FP (5)

@ Springer
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encoder

input
12288
20
Fig. 4 Architecture of the first autoencoder
P
R=Tp  Fv (6)
GP x GR
F— =2 X =" 7
measure X GP T OR (7)

In order to execute a coherent assessment, all input fundus
images were resized to dimension 64 x64, and were subjected
to the autoencoder. The algorithm was run in MATLAB with a
configuration: Intel Xeon CPU E3, 16 GB. Variable parame-
ters were empirically fixed based on the repeated experiments.

The characteristics of the two autoencoders require fur-
ther consideration. Data is stored in matrix form, and is
divided into training as well as testing components. The
program is run with 1st encoder sparsity proportion,
which was set to a value of 0.15, with a varying sparsity
proportion for the 2nd autoencoder. Training and testing
are performed with initial parameter settings; later the
parameters are changed to obtain the highest accuracy.
The accuracy and precision were calculated during evolu-
tion. A maximum accuracy of 85% was obtained thusly.
In the next step, the sparsity proportion that resulted in the
maximum value was maintained as constant, and the first
autoencoder sparsity proportion was varied. This

Fig. 5 Architecture of the
Softmax layer
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decoder

12288

12288

implementation achieved a 95.3% accuracy and 96.8%
precision. The system results in an F-measure of 0.95
by obtaining TP =239, FP =8, FN=12 and TN=169. In
total, 499 and 214 subjects were considered during the
training and testing process, respectively. The complete
training and testing process required 35.68 s to complete.
Fig. 6 shows the graph of different sparsity proportions of
autoencoders versus model performance (i.e., precision).
Table 2 shows the performance of the proposed system in
comparison with other classifiers. All of the results shown
were evaluated with training and testing partitions of 70
and 30, respectively.

Discussion

In the current study, autoencoders were cascaded for the
identification of glaucoma from fundus imagery. It has
been observed that stacked autoencoders have
outperformed many conventional techniques for CAD
[38]. They perform the training operation using neural
networks with multiple hidden layers, by training one at
a time. We have used two autoencoders to train the hidden
layer in an unsupervised way. A further Softmax layer is

softmax layer
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Fig. 6 The plot of sparsity proportion verses performance measure (i.e.,
precision)

trained and a stacked network is generated by joining the
layers. The sparsity is controlled by a sparsity regularizer,
and its regulation depends on the nature of the problem.
In the current study, a maximum accuracy is achieved
using a sparsity proportion equal to 0.15 and 0.85 for
the first and second autoencoders, respectively (please
refer to Fig. 6). The method achieved a maximum accu-
racy of 95.3% while misclassifying 20 images from the
testing group. The experiment is also conducted for image
sizes of 30 x 30, 40 x 40, 64 x 64 and 128 x 128. It is ob-
served that accuracies of 63.3%, 62.1% and 63.8% were
obtained for image sizes of 30 x 30, 40 x40 and 128 x
128, respectively. The image size of 64 x 64 achieved
the maximum result, and is considered the optimal size
for the current study. It is also noted that the number of
false negatives and positives produced by the proposed
system are comparable. Experiments were conducted to
select the best possible L2ZW and number of epochs to
achieve best results. It is noted from Table 3 that
L2W:0.04 and epoch: 5 for 1st autoencoder and
L2W:0.02 and epoch: 20 for 2nd autoencoder result in

Table 2 Performance comparison of the proposed system with various
classifiers

Classifier GA (%) GP(%) GR(%) F-
measure
LDA 63.5 73 61 0.66
Linear SVM 70.5 73 80 0.76
Cosine KNN 77.3 81 80 0.80
Autoencoder | 93.9 94.5 95.2 0.94
Autoencoder 11 95.3 96.8 95.2 0.95

maximum accuracy. Hence these parameters are main-
tained constant for all experiments.

It is observed that the system misclassifies only 10
subjects from 214, i.e., 4.67%, which indicates the prom-
ising performance of the system. Table 2 shows that the
proposed system achieved promising results as compared
to various classifiers and a single autoencoder. Hence the
system achieved comparable results to state-of-the-art
techniques. A summary of the obtained performance re-
sults for the proposed method, in comparison with
existing techniques, is shown in Table 1.

In general, the design of a CAD tool consists of two
approaches. The first approach consists of four stages,
namely: 1) preprocessing, 2) feature extraction, 3) dimen-
sionality reduction, and 4) classification. Many feature
extraction methods are designed by investigators to ex-
tract vital information from fundus images [9, 10,
14-16, 21-23, 25]. These features are reduced by various
dimensionality reduction techniques, and should have the
capability to handle nonlinearities [25]. Further classifica-
tion algorithms are selected in order to avoid overfitting,
and to achieve a maximum classification accuracy. These
results are based on the number of images used and the
ability of the system to know the underlying structure of
the data points. Features such as HOS [9, 15, 16, 29],
entropy [10, 32] and LBP [33] are commonly used. It is
noted that the combination of GIST and LSDA achieved a
better classification accuracy [25]. However, design of
feature learning algorithms is tedious, and the designer
must have appropriate knowledge of handcrafted features.
Yet, some of these algorithms are not particularly feasible
for use with the larger datasets because of feature impar-
tiality. The second approach is based on convolutional
neural networks (CNNs). The CNNs have shown remark-
able performance on big datasets when used with various
tuning parameters. They require the proper selection of
layers to achieve better results. In [26], 18 layers are used,
and further increase of layers may require a large amount
of memory. It is also observed that CNNs require a com-
putational platform with high configuration. The major
advantage of the CAD method introduced in this study
is that it requires minimum tuning parameters as com-
pared to CNNs. It showed equivalent performance as
compared to handcrafted methods. It does not require con-
ventional stages such as feature generation, data dimen-
sionality handling, and feature ranking. Another advan-
tage is that preprocessing is not required as an initial
stage, thus reducing the time to design an appropriate
pipeline structure. It can also readily run on a standalone
system with minimum configuration.

This was a first attempt to apply stacked autoencoders to
glaucomatous images. In future work, improvement could be
done by cascading more networks, with the selection of

@ Springer
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Table 3 Selecting L2W and

number of epochs for autoencoder L2W  epochs
I and II based on the accuracy (%)
5 10 15 20 25 30
1 I 1 1I 1 1T 1 I 1 1I 1 1T

0.01 937 942 942 935 935 942 930 935 932 949 923 935
0.02 946 949 930 937 937 944 918 953 935 939 930 939
0.03 939 942 949 937 923 675 921 95.0 923 942 928 942
0.04 953 951 91.8 935 937 949 937 939 925 930 914 928
0.05 944 944 930 935 925 937 928 937 932 949 916 923
0.06 937 942 937 939 930 937 918 935 937 93.0 930 942
0.07 951 942 932 942 935 932 925 944 925 93.0 91.8 928
0.08 942 946 91.1 937 93.0 932 918 946 925 914 942 937
0.09 944 939 930 944 935 946 921 944 923 916 949 939
0.10 939 942 932 944 935 937 937 916 939 928 935 942

Bold indicates the highest accuracy

optimal parameters. We would like to combine the segmenta-
tion and stacked encoders to enhance classification accuracy
as a future goal. We plan to incorporate a convolutional
autoencoder by finding clinical features using UNet as a multi
centric study. The categorization of different stages of glauco-
ma is of major concern for future efforts.

Conclusion

Glaucoma is a leading cause of visual impairment. Many peo-
ple throughout the world become afflicted with this disease.
The development of a CAD tool can enable ophthalmologists
to detect glaucoma at an earlier, mild stage. In developing
countries, the shortage of medical professionals requires that
a very reliable CAD system be available to diagnose glauco-
ma with high accuracy. Since glaucoma is a major cause of
visual impairment, its early stage diagnosis is of utmost con-
sequence for the public health. The use of autoencoders is
helpful to select features serving as input for succeeding
layers, instead of considering the image as a whole. The par-
adigm introduced in this study avoids image segmentation,
and provides required features for classification. Our tech-
nique obtained comparable performance measures for a large
number of images. The model may be used as an assistive tool
for detecting early stage glaucoma, and to help in clinical
advising.
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