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ARTICLE INFO ABSTRACT

Background and objective: Glaucoma is a ocular disorder which causes irreversible damage to the retinal nerve
fibers. The diagnosis of glaucoma is important as it may help to slow down the progression. The available clinical
methods and imaging techniques are manual and require skilled supervision. For the purpose of mass screening,
an automated system is needed for glaucoma diagnosis which is fast, accurate, and helps in reducing the burden
on experts.

Methods: In this work, we present a bit-plane slicing (BPS) and local binary pattern (LBP) based novel approach
for glaucoma diagnosis. Firstly, our approach separates the red (R), green (G), and blue (B) channels from the
input color fundus image and splits the channels into bit planes. Secondly, we extract LBP based statistical
features from each of the bit planes of the individual channels. Thirdly, these features from the individual
channels are fed separately to three different support vector machines (SVMs) for classification. Finally, the
decisions from the individual SVMs are fused at the decision level to classify the input fundus image into normal
or glaucoma class.

Results: Our experimental results suggest that the proposed approach is effective in discriminating normal and
glaucoma cases with an accuracy of 99.30% using 10-fold cross validation.

Conclusions: The developed system is ready to be tested on large and diverse databases and can assist the
ophthalmologists in their daily screening to confirm their diagnosis, thereby increasing accuracy of diagnosis.
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1. Introduction is commonly found and is characterized by its slow progression. How-

ever, the there are no obvious symptoms and the affected person will

Glaucoma is a ocular disorder which may lead to permanent
blindness. According to world health organization (WHO), glaucoma is
considered as the second leading cause of vision loss after cataract [1].
Due to blockage in the outflow of aqueous humor, the intra-ocular
pressure (IOP) within the eye increases. This increase in pressure da-
mages the optic nerves causes visual field defects. The damage in optic
nerves is irreversible and cannot be cured [2]. Also, the symptoms are
untraceable in the initial stage which later become incurable due to
unspecific rate of progression. However, early diagnosis may help to
slow down the progression of glaucoma [3].

There are two types of glaucoma based on drainage network
blockage [4]: open angle glaucoma and closed angle glaucoma. Former
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know only at a late stage. This condition affects the visual field not the
central vision in the early stage. Angle closure glaucoma usually pre-
sents with eye pain, redness and decreased vision.This occurs due to
rapid obstruction of the aqueous outflow. This condition receives im-
mediate attention and thus immediate treatment.

Ophthalmologists advise regular eye checkups to prevent glaucoma
progression for patients. The following clinical instruments are com-
monly used to diagnose glaucoma [5]:

e tonometer is used to measure IOP within eye.
e ophthalmoscope is used to examine retinal structures such as nerve
fibers, and optic disk for glaucoma damage.
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® perimetry is used to test patient's visual field.
® gonioscope is used to evaluate the internal drainage system.
e pachymeter is used to measure cornea thickness.

Aforementioned clinical techniques are manual, time consuming,
and require skilled supervision. In addition, the retinal imaging devices
such as confocal scanning laser ophthalmoscope (CSLO), scanning laser
polarimeter (SLP), and optical coherence tomograph (OCT) generate
retinal images, which provide information about nerve fibers and optic
disk. These tests need pupillary dilatation and are costly. They are used
for confirming the diagnosis and not for screening. The results may vary
depending upon intra/inter observer [1]. Hence for mass screening, we
need to have an automated glaucoma diagnosis system that is fast,
accurate, and can help in reducing the burden on the experts.

As opposed to these bulkier retinal imaging devices, fundus cameras
are generally portable and economical [6]. The acquired fundus images
can be used to visualize optic disc, retina and blood vessels. The ana-
lysis of fundus images has been performed to detect other ocular dis-
orders including diabetic retinopathy [7], and macula degeneration [9].
Glaucoma can be characterized by structural changes such as cup-to-
disc ratio (CDR), cup diameter and, loss in nerve fibers [8].

Of late, various computational algorithms have been proposed for
fundus image-based glaucoma diagnosis. Authors in Refs. [10,11] em-
ployed CDR value for glaucoma diagnosis. Specifically, the authors in
Ref. [10] have employed contour based segmentation approach for CDR
computation. The authors in Ref. [11] have proposed depth dis-
continuity based methodology which employed cup boundary for esti-
mating CDR. Fleming et al. [12] have proposed Hough transform based
approach for computing CDR. Apart from the CDR based approaches,
many signal decomposition approaches have been developed for com-
puter aided diagnosis (CAD) of glaucoma. The authors in Ref. [2] have
developed a higher order spectra based methodology for glaucoma di-
agnosis. Dua et al. [3] used discrete wavelet transform (DWT) based
energy features followed by supervised classification process. Empirical
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wavelet transform (EWT) and least squares suppport vector machine
(LS-SVM) based glaucoma diagnosis approach have been developed in
Ref. [13]. In another work [8], the same authors have employed
iterative variational mode decomposition (VMD) on a larger glaucoma
dataset. Authors in Ref. [1] have proposed a methodology using texton
and local configuration patterns. Recently, an eighteen layer deep
convolutional neural network (CNN) has been proposed for glaucoma
diagnosis [5]. A summary of the existing glaucoma diagnosis meth-
odologies is presented in Table 5.

The rest of this paper is structured as follows. Section II provides a
detailed description of the proposed methodology, along with feature
normalization and ranking, and classification. The description of the
database, followed by experimental results is presented in Section III.
Discussion is presented in Section IV. Finally, the paper is concluded
with a note on future work in Section V.

2. Method

This section presents a methodology for glaucoma diagnosis. A few
sample images are shown in Fig. 1. The block diagram of the proposed
methodology is illustrated in Fig. 2. The proposed methodology starts
with a preprocessing step, in which the input fundus image is resized to
360 x 480 pixels to decrease the computation time. The resized RGB
image is then separated into red (R), green (G), and blue (B) channels.
Each of these channels undergo contrast limited adaptive histogram
equalization (CLAHE) [14,15] to overcome the problem of uneven
lighting conditions at the time of fundus image acquisition.

Bit-plane slicing (BPS) splits each of the preprocessed channels into
bit planes. Local binary patterns (LBP) generates LBP images from bit
planes. Further, the statistical features are extracted from LBP images
and extracted features are subjected to normalization and ranking. The
ranked features are further fed to support vector machine (SVM) clas-
sifier and decision level based fusion is performed to discriminate the
two classes automatically.

(c)

()

Fig. 1. Sample fundus images: normal (top row) and glaucoma (bottom row) class.
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Fig. 2. Block diagram of the proposed methodology.

2.1. Bit plane slicing

Bit plane slicing (BPS) [14] is a technique which splits a gray image
into its bit planes. In general, a 256-level gray scale image is composed
of 8-bits and therefore BPS splits it into 8 bit planes. In this work, we
have R, G, and B channels and each channel is a 256-level gray scale
image. Therefore, there are 8 bit planes for each channel. BPS is useful
for analyzing the relative importance of each bit plane, which can be
processed further to extract the discriminating information. First and
third rows of Fig. 3 show bit planes of R channel of glaucoma image
(shown in Fig. 1(e)). Fig. 3(a) shows the least significant bit (LSB)
plane. Similarly, Fig. 3(b) — 3(d) and Fig. 3(i) — 3(1) show the remaining
bit planes.

2.2. Local binary patterns based feature extraction

The analysis of two-dimensional texture has been investigated ex-
tensively for applications involving image classification. In real world,
textures are often irregular due to orientation, scale, lighting conditions
[16]. Most of the discriminating problems rely heavily on how effec-
tively the variations in texture is encoded.
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The LBP [16] is a simple and effective image texture descriptor that
has been widely used for diverse applications. In order to capture the
local changes in each of the bit planes, we employ local binary pattern
(LBP) based features. LBP is computed by performing logical operations
in local neighborhood of a predefined window. More specifically, the
computation of LBP involves two steps. In first step, each of the
neighboring pixels is thresholded against the center pixel value to
generate a binary pattern. In second step, the binary pattern is con-
verted into its equivalent decimal value. This decimal value is con-
sidered the LBP of the corresponding center pixel.

Since the bit planes are binary in nature, we have directly per-
formed the second step to compute the LBP. Mathematically, it is
computed as follows:

N-1

LBRy = ) X, # 2"
n=0 1)

where x, is the binary value of the neighboring pixels. N and L in Eq. (1)
are the number of local neighbors and the size of the square window,
respectively. In our experiments, the values of N and L are set to 8 and
3, respectively. In this work, we have extracted LBPs from each of the
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bit planes. Hence, this process generates a 2D LBP array or a LBP image
from each of the bit planes. Second and fourth rows of Fig. 3 show the
LBP images corresponding to the bit planes shown in Fig. 3(a)-3(d) and
Fig. 3(D)-3(D).

LBP is an efficient descriptor that characterizes local variation in
gray levels, which is useful for texture based classification problems.
The LBP images computed from bit planes incorporate local bit level
changes. More often, the statistical analysis of texture has been found to
be effective in capturing the underlying discriminating information
present in the form of randomness and variability. Specifically, we
compute non-Shannon entropies and fractal dimension from LBP image
as statistical features. These features are further detailed below.

75
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Fig. 3. I & 3 row: Bit planes; 2" & row: LBP images of R channel of the glaucoma image in Fig. 1(e).

2.2.1. Entropy

Entropy measures the variation in texture as an information content
[17]. Uniform distribution of pixel values leads to zero information
content in an image. We have used non-shannon entropies namely,
Kapur entropy (KE) [18], and Renyi entropy (RE) [18] to determine the
texture randomness associated with LBP vector. These entropies pro-
vide higher dynamic range that makes better estimates of randomness.
The mathematical expressions for KE and RE are given below [19]:

-1 4
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_ 1 -1
RE = mlogz( oo P )

where p; denotes the probability of occurrence of i’ LBP value. If a LBP
value occurs m number of times, then p, is computed as:

3

m

b= @

rxXc

where r and ¢ denote the number of rows and columns of LBP vector,
respectively.

2.2.2. Fractal dimension

Of late, fractal dimension (FD) has been found to be effective in
diagnosis of ovarian tumor [20] and epileptic seizures [21]. A fractal is
a smallest unit which repeats itself into self similar patterns that man-
ifest at every scale [21]. They are used to analyze random phenomena.
FD is a measure of roughness and self-similarity. In this work, we have
used the sequential box counting (SBC) [22] method for computing FD.

2.3. Feature normalization

The performance of machine learning algorithms may get affected
by skewed data, which can result in false alarm. Normalization of data
brings the skewed data to desired numeric scale. In our proposed ap-
proach, we have used z-score normalization [23] that normalizes the
data into zero mean and unit standard deviation.

2.4. Feature selection

Feature selection helps to improve the performance of the computer
aided diagnosis systems. Some of the extracted features do not con-
tribute significantly to the performance due to their low discriminating
ability. In this work, we have employed Student's t-test [24,25] for
feature selection. Student's t-test generates t value for each of the fea-
tures. The t value denotes the discriminating capability of the corre-
sponding feature. A high t value indicates higher discriminating cap-
ability. Therefore, these features are arranged in descending order of
their corresponding t values. Tables 1-3 show the first twenty features
and their corresponding t values. In Features column, subscript denotes
the bit plane number.

Table 1
Features extracted with t values for R channel.
Features Normal Glaucoma t value
(mn + std) (mn + std)
RE4 0.04 + 0.008 0.02 + 0.008 49.60
KE4 0.52 + 0.033 0.40 + 0.058 48.45
RE3 0.06 + 0.005 0.03 + 0.011 47.92
KEs 0.41 + 0.043 0.28 + 0.065 43.67
RE, 0.05 + 0.006 0.03 + 0.010 43.06
KE3 0.57 + 0.016 0.48 + 0.059 42.16
REs 0.02 + 0.006 0.008 + 0.005 40.35
KEg 0.29 + 0.046 0.18 + 0.054 40.09
KE, 0.55 + 0.023 0.55 + 0.062 40.01
FDsg 3.87 £ 0.010 3.84 + 0.023 37.93
FD4 3.89 + 0.005 3.87 + 0.016 36.57
FDg 3.83 + 0.019 3.77 + 0.037 35.69
KE, 0.19 + 0.042 0.12 + 0.044 35.24
RE; 0.06 + 0.004 0.04 + 0.011 34.11
KEg 0.15 + 0.030 0.09 + 0.033 34.01
REg 0.008 + 0.003 0.003 + 0.002 33.10
FD, 3.75 £ 0.03 3.68 + 0.052 32.33
KE, 0.58 + 0.013 0.52 + 0.046 31.44
FD3 3.90 + 0.003 3.88 + 0.014 29.56
REg 0.0017 + 0.0008 0.0006 + 0.0005 28.69

mn: mean std: standard deviation.
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Table 2

Features extracted with t values for G channel.
Features Normal Glaucoma t value

(mn + std) (mn + std)

RE3 0.05 + 0.006 0.03 + 0.011 50.89
KE4 0.52 + 0.038 0.40 + 0.056 49.62
RE4 0.04 + 0.008 0.02 + 0.007 49.30
RE, 0.05 + 0.007 0.03 + 0.009 47.14
KEs 0.42 + 0.043 0.29 + 0.064 46.56
KEg 0.30 + 0.041 0.18 + 0.058 45.73
KE3 0.57 + 0.019 0.47 + 0.058 45.21
KE; 0.56 + 0.024 0.46 + 0.053 43.89
REs 0.02 + 0.006 0.008 + 0.005 43.36
KE, 0.50 + 0.038 0.39 + 0.057 42.73
RE, 0.04 + 0.008 0.02 + 0.007 41.89
REg 0.01 + 0.003 0.003 + 0.002 40.39
FD4 3.89 + 0.006 3.87 + 0.018 38.43
FDs 3.87 £ 0.013 3.83 + 0.029 35.98
FDg¢ 3.82 + 0.024 3.75 + 0.048 35.92
FD, 3.89 + 0.006 3.87 + 0.014 34.07
KEg 0.16 + 0.050 0.07 + 0.048 32.88
FD3 3.90 + 0.003 3.88 + 0.017 32.18
FD, 3.90 + 0.003 3.88 + 0.009 30.96
FDg 3.55 + 0.116 3.34 + 0.127 30.83

mn: mean std: standard deviation.

Table 3

Features extracted with t values for B channel.
Features Normal Glaucoma t value

(mn + std) (mn + std)

RE3 0.06 + 0.006 0.03 + 0.011 55.14
RE, 0.05 + 0.007 0.03 + 0.010 54.65
KE, 0.56 + 0.027 0.45 + 0.053 50.88
RE4 0.04 + 0.009 0.02 + 0.008 50.26
KE4 0.53 + 0.037 0.40 + 0.056 50.10
KE3 0.57 + 0.019 0.46 + 0.061 48.23
KE, 0.48 + 0.042 0.36 + 0.059 45.54
KEs 0.42 + 0.046 0.29 + 0.061 45.20
RE, 0.03 + 0.008 0.015 + 0.006 43.64
REs 0.02 + 0.006 0.008 + 0.005 41.02
FD4 3.89 + 0.005 3.86 + 0.021 40.10
KEg 0.30 + 0.061 0.17 + 0.063 39.38
FD, 3.88 + 0.007 3.86 + 0.017 38.96
FD, 3.90 + 0.003 3.88 + 0.013 36.93
FDs 3.87 + 0.012 3.82 £ 0.034 35.73
FD3 3.90 + 0.003 3.87 £ 0.021 33.98
REg 0.01 + 0.004 0.002 + 0.002 32.24
KE, 0.20 + 0.043 0.13 + 0.051 29.09
FD, 3.76 + 0.061 3.58 + .0167 28.98
KEg 0.10 + 0.048 0.04 + 0.035 25.33

mn: mean std: standard deviation.
2.5. Support vector machine classifier

In this work, support vector machine (SVM) classifier is employed to
discriminate the two classes. SVM classifier [26] is a supervised ma-
chine learning algorithm which is widely used for classification. Su-
pervised machine learning algorithms need labeled data in the training
stage for mapping input-output pairs. In this work, a SVM classifier with
polynomial kernel function of order 2 and 3 have been investigated. In
the proposed approach, the ranked features obtained from each of R, G,
and B channels are fed to three SVM classifiers separately for automated
classification.

2.6. Decision level fusion

In order to effectively combine the information obtained from the
three SVM classifiers, we explore decision level fusion scheme. Decision



S. Maheshwari et al. Computers in Biology and Medicine 105 (2019) 72-80

Table 4
Classification performance based on various combinations of channels and order of polynomial kernel function.
Decision based on Kernel parameter (polynomial order) Accuracy (%) Sensitivity (%) Specificity (%)
R channel ond 98.36 96.78 99.52
R channel 3rd 98.60 97.97 99.05
G channel ond 98.95 98.83 99.05
G channel 3rd 98.98 98.20 99.52
B channel ond 98.81 98.99 98.70
B channel 3rd 98.74 98.33 99.05
Decision level fusion ond 99.16 98.99 99.29
Decision level fusion qrd 99.30 98.84 99.64
Table 5
A comparative summary of the existing methods for automated glaucoma diagnosis.
Papers Method Number of images Classifier Performance parameters (%)
[4] Fundus disk parameters 61 ANN ac: 90.00
sn: 100
sp: 80.00
[34] Retinal nerve fiber layer 165 ANN AROC: 0.932
thickness sn: 83.54
sp: 93.02
[35] Principal component analysis 575 SVM ac: 80.00
(PCA), fast Fourier transform sn: 73.00
(FFT) & spline interpolation sp: 85.00
[2] Higher order spectra (HOS) & 60 RF ac: 91.00
texture features sn: NR
sp: NR
[31 Discrete wavelet transform 60 SMO ac: 93.00
(DWT) & texture features sn: NR
sp: NR
[36] HOS & wavelet energy feature 60 SVM ac: 95.00
sn: 93.33
sp: 96.67
[37]1 HOS cumulant features 272 Nai've ac: 92.60
Bayesian sn: 100
sp: 92.00
[38] Gabor transfomation & texture 510 SVM ac: 93.10
and entropy features sn: 89.75
sp: 96.20
[13] Emperical wavelet transform 60 LS-SVM ac: 98.33
(EWT) & correntropy sn: 100
sp: 96.67
[8] Variational mode decomposition 488 LS-SVM ac: 95.19
(VMD), entropy & fractal sn: 93.62
dimension sp: 96.71
[1] Local configuration pattern 702 KNN ac: 95.70
(LCP) & texton sn: 96.20
sp: 93.70
[39] Non parametric spatial envelop 1000 SVM ac: 97.00
energy spectrum sn: 97.80
sp: 95.80
[5] Deep CNN 1426 CNN ac: 98.13
sn: 98.00
sp: 98.30
Proposed method BPS & LBP 1426 SVM ac: 99.30
sn: 98.84
sp: 99.64

*NR = Not reported, ac = accuracy, sn = sensitivity, sp = specificity, AROC = Area under receiver operating characteristics.
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level fusion combines the decisions made by multiple classifiers. In the
proposed methodology, each of the three SVM classifiers generates a
binary decision to indicate the normal and glaucoma class. In this fu-
sion scheme, a query image is determined to be of a particular class, if
the majority of classifiers generate decisions in favor of that class.

3. Results

The database used for performance evaluation in this work consists
of 1426 retinal color fundus images, out of which 589 belong to the
normal class and the rest belong to the glaucoma class. Images in this
database have been collected at Kasturba Medical College, Manipal,
India and we have obtained the ethical approval required for using the
database in this work.

Individual R, G, and B channels are split into eight bit planes using
BPS. The LBP is computed for each bit plane and three statistical fea-
tures are extracted from each of the LBP images. The length of the
feature vector generated by the above process is 24 for each of the R, G,
and B channels. The extracted features from R, G, and B channels are
listed in Tables 1-3, respectively with their corresponding t value. The
10-fold cross validation strategy [27] is employed to evaluate perfor-
mance of the proposed methodology. The commonly used measures
such as accuracy, sensitivity, and specificity [28] have been used for
performance evaluation. Classification performance of our approach
with different kernel parameters and decision methods are tabulated in
Table 4. The results for individual channels with different polynomial
orders are shown in Table 4. In addition, this table also shows results
obtained using decision level fusion.

It can be observed from Table 4 that the minimum classification
accuracy obtained is 98.36% for R channel. Similarly, the maximum
classification accuracy obtained from individual channel is 98.98% for
G channel. In addition, this table shows the performance obtained using
decision level fusion scheme. The proposed approach achieves 99.30%
classification accuracy with sensitivity and specificity of 98.83% and
99.64%, respectively using this fusion technique. It can be observed
from Tables 1-3 that due to high t value of the features we obtain high
classification accuracy. The plots of classification performance versus
number of features with 2" order and 3¢ order polynomial kernel
function are shown in Figs. 4 and 5, respectively.

4. Discussion

Previous methodologies have used gray texture analysis of images
for the development of automated diagnosis systems for various dis-
eases [1-3,13,29]. In this work, we have used bit level analysis for the
development of automated system for glaucoma diagnosis. In the pro-
posed methodology, BPS splits the individual R, G, and B channels of
color fundus image into their corresponding bit planes. These bit planes
contain bit level information of corresponding channels as shown in
first and third rows of Fig. 3.

Generally, LBP is a texture operator that efficiently captures the
changes in gray scale pixel variations. In this work, we have used LBP to
capture the information that is present in bit planes. Second and fourth
rows of Fig. 3 show the LBP images of the corresponding bit planes.
Statistical features are used to capture the underlying texture variation
from LBP images.

Kapur entropy, Renyi entropy, and fractal dimension effectively
captures the information present in LBP images. In general, entropy is a
measure of signal complexity or uncertainty. Renyi entropy and Kapur
entropy based features have recently been investigated for different
applications involving biomedical signal processing. Specifically, these
entropies have been previously found to be effective for human seizure
detection [30], identification of focal electroencephalogram (EEG)
signals [31], and characterization of fatty liver disease [32]. The ad-
vantage of these entropies lies in their generality and flexibility due to
the parameters involved, which enable several measurements of
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Fig. 4. Plot of classification performance versus number of features with 2"
order polynomial kernel.

uncertainty. Fractal dimension is an indicator of the surface roughness
and has previously been employed for thyroid lesion classification in
ultrasound images [33]. The proven effectiveness of these features
motivated us to explore them for fundus image based glaucoma diag-
nosis.

It can be noted from Tables 1-3 that the mean value of features for
normal cases are higher as compared to glaucoma cases. This is be-
cause, the normal image has more variations in terms of pixel in-
tensities. In glaucoma case, the pixel intensity variations are less due to
loss in retinal nerve fibers [13]. Also, the variability in entropy values
of normal class is more as compared to the glaucoma as it has large
optic disc (white region).

These results indicate that the features extracted from the individual
channels alone are effective in discriminating the two classes. We have
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Fig. 5. Plot of classification performance versus number of features with 3¢
order polynomial kernel.

observed that the decision level fusion improves the overall perfor-
mance of the proposed approach. Figs. 4 and 5 present the classification
performance using individual channels and their decision level fusion.
In summary, the proposed methodology provides the following ad-
vantages over the existing ones:

1. The proposed method achieved 98.64% sensitivity and 99.64%
specificity using 21 number of features. Therefore, our method is
effective in reducing the burden on the clinicians during the mass
screening of patients.

2. The proposed method outperformed the existing methodologies for
glaucoma diagnosis as it achieved the highest classification accu-
racy, when evaluated on a large dataset of fundus images.
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The limitation of this study is that the proposed approach has not
been evaluated on huge and diverse databases.

5. Conclusion

In this paper, we have presented a novel automated system for the
diagnosis of glaucoma using bit-plane slicing and local binary patterns.
In order to improve the overall performance, decision level based fusion
technique is employed. The proposed methodology achieved a max-
imum classification accuracy of 99.30%. Also, high sensitivity and
specificity values of the proposed method indicate that it can help in
reducing burden on clinicians during mass screening. The proposed
methodology outperformed the other existing glaucoma diagnosis
methods. In future, we intend to extend the applicability of the pro-
posed methodology for early stage diagnosis of glaucoma, age related
macular degeneration, diabetic retinopathy and maculopathy. We also
plan to develop state-of-the-art methodologies using deep learning
techniques. The advantage of such methods is that one need not per-
form explicit feature extraction, statistical analysis, ranking and clas-
sification [5].
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