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Abstract

Glaucoma is an eye disease that damages the optic nerve and can lead to irreversible loss of peripheral vision gradually and even
blindness without treatment. Thus, diagnosing glaucoma in the early stage is essential for treatment. In this paper, an automatic
method for early glaucoma screening is proposed. The proposed method combines structural parameters and textural features
extracted from enhanced depth imaging optical coherence tomography (EDI-OCT) images and fundus images. The method first
segments anterior the lamina cribrosa surface (ALCS) based on region-aware strategy and residual U-Net and then extracts
structural features of the lamina cribrosa, such as lamina cribrosa depth and deformation of lamina cribrosa. In fundus images,
scanning lines based on disc center and brightness reduction are used for optic disc segmentation and brightness compensation is
utilized for segmenting the optic cup. Afterward, the cup-to-disc ratio (CDR) and textural features are extracted from fundus
images. Hybrid features are used for training and classification to screen glaucoma by gcForest in the early stage. The proposed

method has given exceptional results with 96.88% accuracy and 91.67% sensitivity.

Keywords Glaucoma screening - EDI-OCT - Fundus images - Hybrid feature extraction

Introduction

Glaucoma is the world’s second most common blinding dis-
ease and most common irreversible blinding disease world-
wide [1-3]. It is expected that there are 79 million glaucoma
patients in the world in 2020 [4]. Glaucoma damages the optic
nerve, causes loss of peripheral vision and leads to irreversible
loss of vision. While vision filed tests are clinical techniques,
imaging modalities such as spectral domain optical coherence
tomography and stereoscopic fundus photography are also
useful for glaucoma screening. Recent developing optical co-
herence tomography (OCT) technology have been applied in
many eye diseases [5, 6]. Anterior lamina cribrosa surface
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depth (ALCSD) and other structural parameters, which are
characteristics of glaucoma and change over the process, can
be obtained from OCT and fundus images. For example,
Fig. 1 shows ALCSD, which is defined as the distance be-
tween Bruch’s membrane opening (BMO) baseline and ante-
rior lamina cribrosa surface (ALCS). Elevated intraocular
pressure is associated directly with the optic nerve injury
and can lead to posterior sliding and bowing of lamina
cribrosa [7]. Thus, ALCSD is larger in glaucoma than in nor-
mal eyes.

Lamina cribrosa can be seen clearly in anterior segment
enhanced depth imaging optical coherence tomography
(EDI-OCT) after removing retina and part of the prelamina
tissue [8]. Recent cross-sectional studies [9—12] shows that
lamina cribrosa is a new biomarker for glaucoma screening.
Focal lamina cribrosa defects [9], lamina cribrosa thickness
[10], and lamina cribrosa depth [11, 12] are related to glauco-
ma and these structural parameters are significantly different
between glaucoma and normal eyes. Automatic lamina
cribrosa detection algorithms have been developed [13, 14].
The method in [13] uses active contour and energy constraints
to measure lamina cribrosa depth. Belghith et al. [14] use non-
local energy function in Markov random field to improve
segmentation results. Our proposed novel algorithm of lamina
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BMO baseline

ALCS

Fig. 1 Anterior lamina cribrosa surface depth

cribrosa segmentation in this paper is based on region-aware
strategy and residual U-Net and obtains better segmentation
results.

Currently, researchers develop their studies for glaucoma
screening mainly on fundus images [15-22] and OCT [23,
24]. Haleem et al. [15] propose a novel adaptive deformable
model for automated optic disc and cup segmentation to aid
glaucoma diagnosis. The approach of Noronha et al. [16] uses
high order cumulant features extracted from fundus images
and classify fundus images into four groups: normal, mild
glaucoma, moderate glaucoma, and severe glaucoma. Khalil
et al. [17] combine structural parameters and textural features
for classification. Structural parameters and textural features
are trained by support vector machine and outputs are of three
classes, such as normal, glaucoma and suspected glaucoma. In
[18], an adaptive threshold method is proposed for
segmenting the optic disc and cup. The cup-to-disc ratio
(CDR), rim area, and vessel information are extracted from
fundus images for glaucoma screening. In the work of
Maheshwari et al. [19], empirical wavelet transform (EWT)
and correntropy are applied to extract features and least-square
support vector machine (LS-SVM) is used for classifying
glaucoma. Soltani et al. [20] use fuzzy logic and image pro-
cessing for glaucoma screening. In view of the fact that retinal
ganglion cell axons pass through the optic cup to leave eyes,
blood vessel tracking and bend point detection are used to
detect edge pixels of cup and CDR is calculated for predicting
glaucoma [21]. Deep neural network framework which has
eighteen layers has been utilized for diagnosing glaucoma
using fundus images [22].

While the aforementioned approaches use fundus images
for classification, Niwas et al. [23] use anterior segment OCT
to extract compound image transform features and naive
Bayes classifier is used for classification. Inspired by recent
medical studies, Gopinath et al. [24] extract blood vessel
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density and retinal nerve fiber layer depth from Angio-OCT
and support vector machine has been used to divide images
into glaucoma group or normal group afterward.

The existing approaches for glaucoma screening mainly
use fundus images while a few of them use OCT.
Nevertheless, these methods use features extracted from only
one kind of image, and the performances of these methods are
limited to the information provided by one kind of image.
Different kinds of ophthalmic images involve information of
pathology from different angles. We can acquire information
about retinal layers and optic nerve injury from EDI-OCT,
while fundus images provide more detailed texture changes.
To the best of our knowledge, no related work has yet com-
bined features extracted from EDI-OCT and fundus images
for glaucoma screening.

The purpose of our work is to develop a novel method that
utilizes information both from EDI-OCT images and fundus
images to screen glaucoma in the early stage. The proposed
novel method combines structural parameters and textural fea-
tures in EDI-OCT images and fundus images. In OCT images,
we use region-aware strategy and residual U-Net to compute
the possibility of each pixel in the whole image belonging to
either ALCS or background. Pixels with high possibility are
chosen to obtain precise ALCS. After segmenting ALCS,
structural parameters such as lamina cribrosa depth and
Bruch’s membrane opening-minimum rim width (BMO-
MRW) are extracted. In fundus images, our approach seg-
ments the optic disc using scanning lines based on contour
center and detects the optic cup using brightness compensa-
tion. CDR and textural features are extracted from fundus
images. The gcForest [25] is trained by the aforementioned
features and the approach has given superior results with
96.88% accuracy and 91.67% sensitivity. And the contribu-
tions of this paper are shown as follows:

1) The combination of structural parameters and textural
features extracted from EDI-OCT images and fundus im-
ages is used for the first time to screen glaucoma. It is a
new attempt to help ophthalmologists diagnose glaucoma
in the early stage.

2) We propose a method for anterior lamina cribrosa seg-
mentation in EDI-OCT based on region-aware strategy
and residual U-Net.

3) An improved templated local binary pattern (TLBP) is
used to extract features of lamina cribrosa deformation.

The proposed method

In this section, we present our novel method for screening
glaucoma in EDI-OCT and fundus images. The purpose of
this study is to detect anterior lamina cribrosa surface in
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EDI-OCT and segment the optic disc and cup region, then
extract the hybrid features based on prior clinical knowledge,
and then classify the multimodal images into normal group or
glaucoma group. The flowchart presented in Fig. 2 shows the
steps of the proposed method.

Anterior lamina cribrosa surface
segmentation

We present an ALCS segmentation algorithm based on
region-aware strategy and U-Net [26]. A single pixel of
ALCS in A-scan (one column in B-scan) is not easy to detect
using only information of A-scan. Nevertheless, features from
neighbor pixels are useful for detecting ALCS pixels. Inspired
by this, we transform the problem of detecting a single line
into the problem of region segmentation. Particularly, pixels
that are less than or equal to five pixels from labeled ALCS are
considered as ALCS pixels in label images, and pixels that are
more than five pixels from ALCS are considered as back-
ground. Thus, the surface line expands to a regional area.
We use residual U-Net: a fully convolutional neural network
based on the widely used U-Net, to segment expanded ALCS
area. Residual U-Net takes advantages of U-Net skip connec-
tions [27] and residual learning skill [28] to obtain a robust
segmentation result. The skip connections in U-Net capture
both the local and contextual information [27, 28], while the
residual connections allow a better flow of the gradient infor-
mation through the network. Residual U-Net is trained with
EDI-OCT images of the optic nerve head (ONH) and corre-
sponding manually segmented ground truths. In each column
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Fig. 2 The flowchart of the proposed method

of the segmented region, the pixel with the highest probability
belonging to ALCS is selected as the ALCS pixel.

Adaptive compensation

Adaptive compensation (AC) is used to remove the effects of
light attenuation caused by imaging modality [29]. AC is use-
ful for removing blood vessel shadows and enhance the con-
trast of OCT images of the ONH [30]. The contrast exponent
is set to 4 for improving the overall image contrast and the
threshold exponent is set to 6 for limiting noise over-
amplification at the bottom of the compensated image. AC is
used for all B-scans and we stack up B-scan and its compen-
sated B-scan as input images of residual U-Net.

Network architecture

The residual U-Net architecture is composed of multi-scale
residual blocks shown in Fig. 3. Residual blocks in the
downsampling tower connect to the block with the same scale
in the upsampling tower via skip connections. Skip connec-
tions concatenate feature maps in the downsampling tower
and corresponding feature maps in the upsampling tower to
acquire robust features for segmentation. In the downsampling
tower, a B-scan of size 496 x 512 is fed to the first residual
block with 32 convolution filters followed by three different
scale residual blocks with the same number of convolution
filters. A max-pooling is used for downsampling after every
residual block. A residual block with 32 convolution filters in
upsampling tower concatenates features from an additional
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Fig. 3 Residual U-Net architecture. Best viewed in color

residual block between two towers and the corresponding re-
sidual block with the same scale. Then features are fed to three
residual blocks with different scales. An upsampling layer is
used before every residual block. The output of the
upsampling tower is fed to a 1 x 1 convolution layer with 1
filter. The sigmoid activation function is applied to obtain the
probability for each pixel.

In two towers, all the layers except the output layer are
activated by ReLU [31]. And the loss function is based on
dice loss:

217NY|

L(Y.Y)=1- Balbi e
(7.7) |7+ ||’

(1)

Tz

1
m
where m denotes the total number of samples, Y denotes the
predicted value, and Y denotes the label.

Training and testing of network

We train our network with 46 OCT images and test it with 32
OCT images. In the training stage, data augmentation (random
rotation, shearing, and horizontal flipping) is performed to
overcome the sparsity of our training data and stochastic gra-
dient descent with a momentum of 0.9 is used to optimize the
training process. An initial learning rate of 0.001 is chosen and
it is divided by 10 when the validation loss fails to improve.
The model with the best validation loss is chosen to measure
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test dataset. The pixel with the highest possibility in each
column of each B-scan is chosen as the final ALCS pixel.

Optic disc segmentation

CDR is always significantly different between glaucoma and
normal eyes in fundus images. Thus, CDR is used to improve
the performance of glaucoma screening. A robust algorithm of
disc segmentation based on contour center scanning line is
proposed.

The optic disc is usually the brightest area in fundus im-
ages. The proposed algorithm first find the location of the
optic disc using brightness reduction and shape constraint to
remove pixels that do not belong to the optic disc. Scanning
lines based on contour center are used for accurate segmenta-
tion of the optic disc.

The red channel is sensitive to brightness in color channels.
In the red channel of fundus images, the brightness value of
the optic disc is high and thus the edge of the optic disc is
relatively clear. The brightness is reduced to remove the pixels
that do not belong to the optic disc. The formula of brightness
reduction is defined in formula (2).

14, j) = I*(i, j)—p/ ' =", (2)

where (i, Jj) is the pixel (7, j) in fundus images, and k& repre-
sents the number of iterations. ;* 'and o* 'represent the
average brightness value of fundus image and standard
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deviation of pixel brightness after & iterations. In an m xn
matrix, 4 and o are given by

k_imn P

. El_,;l (i,J), 3)
P Lmn --_k2

7=\ 2 5, 060w @)

The brightness reduction operation is carried out four
times, and the corresponding four brightness reduction pro-
cessing results of different degrees are obtained respectively.
The brightness reduction operation is shown in Fig. 4.

After brightness reduction, some pixels that are highly
similar to pixels of the optic disc still exist. Thus, we
need to select an appropriate area in every image after
brightness reduction. Shape constraints are used to select
an appropriate area in each image. We select the largest
area in each image, use ellipse-fitting method and calcu-
late the ratio of major axis and minor axis of the fitted
ellipse in selecting the appropriate the optic disc area,
while considering some small noises and bright arcs in
processed images and the main difference in the number
of pixels and shape among those areas and the optic disc.
The area selection suppresses noises and calculation of
the ratio of major axis and minor axis is helpful for
eliminating the effect of bright arcs caused by inappro-
priate light sources in the imaging process. The optic
disc tends to have a low ratio of major axis and minor
axis, while the bright arc has a high ratio. In all the four
processed images, the area with the lowest ratio is con-
sidered as the optic disc area.

Since the location of the optic disc is located, the contour
center, which is the geometric center of the optic disc area, can
be determined. We intercept a 501 x 501 image block centered
by the contour center and extract a scanning line every 10
degrees starting from the contour center in the image block.
The two ends of the scanning line are the contour center pixel

(a) (b)

Fig. 4 Brightness reduction operation. (a) A fundus image, (b) after brightness reduction, (¢) after threshold

and edge pixel of the intercepted image block, and 36 lines are
extracted from the image block. For each scanning line, the
gray value of the corresponding pixel on the scanning line is
extracted to form the curve of image gray value. The overall
trend of the grayscale curve is gradually decreased and we use
the sigmoid function to fit the curve after normalizing gray
values. Pixels corresponding to the curve threshold of 0.9 and
above are taken as the pixel points in the optic disc and the
pixel corresponding to the threshold of 0.9 are candidate
boundary points of the optic disc. Based on the polygon con-
vex hull method, the accurate boundary of the optic disc is
obtained.

Optic cup segmentation

In fundus images, the boundary of the optic cup is not obvious
in some images. We use adaptive brightness compensation as

16,j) = 5-1(i.), (5)
where /(i, j) represents the intensity of pixel (7, j), and p is the
median gray value of 11 % 11 image block center by pixel (i, ).
D is the compensations factor used to suppress the gray value
of pixels near the border in image block and compensate the
gray value of center pixels and D is given by

D =0.05\/(ix)” + v + 1, (6)

where x.. and y,. are coordinates at the center of the region, and
the constant 1 is set for ensuring that D is greater than zero.
After compensation, a threshold is used to obtain the optic cup
boundary. After the experiment, when the threshold value is
55, good results are shown in different images. Pixels higher
than the threshold value are reserved as cup pixels, while those
lower than the threshold value are taken as rim pixels (pixels
between disc boundary and cup boundary).

@ Springer
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Hybrid features extraction

Combining structural parameters extracted from EDI-OCT
images and features extracted from color fundus images is a
new attempt to screen glaucoma in the early stage. We extract
features such as anterior lamina cribrosa depth, deformation of
lamina cribrosa and BMO-MRW from EDI-OCT images,
while CDR and textural features are extracted from fundus
images.

Lamina cribrosa features extraction

Recent studies have shown that lamina cribrosa that can be
seen clearly in EDI-OCT images is related to the pathogenesis
of glaucoma and lamina cribrosa may become a new biomark-
er for diagnosing glaucoma [9—-12]. In our proposed method,
ALCSD and information of lamina cribrosa deformation are
extracted.

ALCSD is defined as the distance between the ALCS and
the BMO reference plane. ALCSD is more likely to be larger
in glaucoma than in normal eyes because of posterior dis-
placement. Minimum, maximum and average depths of
ALCS are extracted.

Besides posterior displacement, lamina cribrosa deforma-
tion occurs in glaucoma eyes. Templated local binary pattern
algorithm is used to extract information of lamina cribrosa
deformation. ALCS pixels, upper pixels and lower pixels on
the segmented ALCS are selected as the candidate pixels and
their LBP [32] values are calculated. Four templates are used
to reduce dimensions of the feature set considering that the
extracted feature set contains useless textural information,
such as textural information of lamina cribrosa holes and
speckle noises produced in the imaging process of OCT im-
ages. Slope templates and horizontal templates are shown in
Fig. 5. Figure 5 (a) and (b) are slope templates, whereas Fig. 5
(c) and (d) are horizontal templates. Slope templates describe
the sharp changes of ALCS in grayscale and horizontal tem-
plates represent smoothness of ALCS.

For each LBP value, we calculate the distance D between
LBP value and each template and select the LBP value if D is
smaller than the constant 2. Distance D is defined as the num-
ber of different binary bits between computed LBP value and
template. We divide the remaining LBP values into four

groups by distance D. LBP value is considered to belong to
the group if it has the shortest distance from the group. We
count the number of LBP values corresponding four templates
and calculate r, and 7, using formulas as follows:

r = ng + np 7 (7)
Ng + np +ne. + ny
” ne + ng (8)

Ng +np +ne+ng’

where n,, np, n. and n,; are numbers of LBP values corre-
sponding to four templates respectively, and 7, and 7y, are ratios
of LBP values corresponding to slope templates and horizon-
tal templates. r, and r;, are extracted as features of lamina
cribrosa deformation.

Bruch’s membrane opening minimum rim
width extraction

BMO-MRW is defined as the minimum distance from the
BMO to the ILM. In glaucoma eyes, BMO-MRW is more
likely to be small while it is relatively large in normal eyes
[33]. Two values of BMO-MRW are extracted in each EDI-
OCT B-scan. Figure 6 shows the illustration of BMO-MRW
extraction.

Cup-to-disc ratio calculation

CDR is conventionally assessed by ophthalmologists in the
screening and monitoring of glaucoma. Enlargement of the
cup has been observed in glaucoma patients [34]. We extract
vertical and horizontal CDR in fundus images. Illustrations of
vertical CDR and horizontal CDR are depicted in Fig. 7.

Gray-level co-occurrence matrix features
extraction

The gray-level co-occurrence matrix (GLCM) provides statis-
tical information about the relative locations of the neighbor-
hood pixels in images [35]. GLCM is used to extract textural
features from fundus images and entropy, correlation, and

Fig. 5 Designed templates. (a), 1 O 0

(b) Slope templates. (c), (d)

1117 ]0[0[0]|1]1]1

Horizontal templates

1 0

0 11]0 0110 0

(a)
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BMO-MRW

K i

Fig. 6 The illustration of the BMO-MRW

homogeneity [36] are extracted and utilized in the proposed
method.

Correntropy features extraction

Correntropy is a nonlinear kernel based measure of similarity
which preserves both statistical and temporal information
[37]. It measures correlation in nonlinear domain of multiple
delayed samples of the signal. The features based on
correntropy can be used to estimate the distribution of texture
in decomposed image components. We use empirical wavelet
transform [38] to decompose fundus images in red, green and
blue channels. Every channel is decomposed into two

(a)

components and three correntropy features are extracted from
each component. The correntropy for lag G is defined as

1 2
Correntropy(G) = (m)
X
x Y K(I[x1,x)-I[x~G,x-G]), (9)
X],Xz:G

where 7 [x1,x,] is the 2-D signal, X is the number of rows and
columns, and the Gaussian kernel function K(/[(x;,x5]-I[x-
G.,x,-(G]) can be given by

(Ix1, x2)~1[x1~G, x2-G])? }

1
K([[xth]_l[xl_Gv X2—G]) = m& X exp{— 2e2

(10)

where ¢ is the kernel parameter width, and G controls the
number of extracted features. In our experiment, we set G =
3, e = 3, and the factor X+G+l is considered as 1.

Glaucoma classification

In the proposed method, classification is performed on hybrid
features extracted from EDI-OCT images and fundus images
using gcForest as the classifier. The gcForest has excellent
performance in small datasets and can be trained easily [25].
In our case, we used random forest and extra tree as individual
learners. For each input eigenvector, gcForest predicts the
possibilities of belonging to glaucoma eyes or normal eyes
and chooses the class with the highest possibility as the result
of classification.

(b)

Fig. 7 Measurement of vertical CDR and horizontal CDR. (a) Measurement of vertical CDR. (b) Measurement of horizontal CDR
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Table 1 Results of anterior

lamina cribrosa segmentation Method Failure Ratio 0(%) Failure Ratio 1(%) Failure Ratio 2(%)
NLSC [14] 73.7 16.1 10.2
Method in [13] 76.5 17.6 5.9
The proposed method 78.1 16.2 5.7

Experiments and results

The proposed method for glaucoma screening was experimen-
tally validated with a clinical dataset consisting of 12 glauco-
ma cases and 20 normal eye cases. Each eye has an EDI-OCT
B-scan selected from all B-scans and a color fundus image.
And an additional dataset with 46 EDI-OCT B-scans was used
to train the residual U-Net. We trained and tested our network
on an NVIDIA Titan V GPU with CUDA v9.0 acceleration.
The network consists of 200,000 trainable parameters in total
and it is fast to train the network to the stage of convergence
because of residual learning skills. The network tested on 32

OCT B-scans in the clinical dataset and each B-scan was
processed in 17 ms with the given hardware configuration.
All samples were acquired from the Second Xiangya
Hospital of Central South University. EDI-OCT images were
captured by Heidelberg’s Spectralis SD-OCT from Germany
and fundus images were captured by Topcon fundus camera.
An expert manually labeled the ALCS at each B-scan to eval-
uate the performance of the ALCS segmentation. In our ex-
periments, EDI-OCT B-scan images were converted into anti-
color images.

We measured the distance between the segmented ALCS
and the ground truth for the evaluation of the performance of

Fig. 8 Results of anterior lamina cribrosa surface segmentation. The first
row shows anti-color B-scans, the second row shows compensated B-
scans after shadow removal and adaptive compensation, and the third

@ Springer

row (cropped B-scans) shows the ground truths (red solid lines) and
results of our proposed method (green dashed lines)



J Med Syst (2019) 43: 163

Page 9 of 12 163

Table 2 Comparison of different

methods Method TP TN FP FN Acc (%) Sen (%) Spe (%)
Based on EDI-OCT 11 19 1 93.75 91.67 95.00
Based on fundus images 10 20 0 2 93.75 83.33 100
EDI-OCT + fundus images 11 20 0 1 96.88 91.67 100

the proposed ALCS segmentation algorithm. The failure ra-
tios (ranges from O to 2) are exploited for quantitative analysis.
Failure ratio 0 indicates that the mean distance is between zero
and two pixels, while failure ratio 1 indicates that the mean
distance is between three and five pixels and failure ratio 2
indicates that the mean distance is more than five pixels.
Table 1 presents the results of the comparison of the method
in [13], the NLSC method [14] and our proposed ALCS seg-
mentation algorithm.

In our experiments, about 500—1500 pixels with possibility
greater than 0.5 are predicted in every B-scan. We select the
pixel with the highest possibility in each column of a B-scan
as the ALCS pixel. In each B-scan, about 60-180 ALCS
pixels were obtained and we compared them to the ground
truths by calculating the distance from the segmented pixels
to the reference pixels. Table 1 suggests that our proposed
ALCS segmentation algorithm gets better performance com-
pared to the NLSC method and method proposed in [13]. The
sum of failure ratio 0 and 1 in our proposed method was
94.3%, while NLSC was 89.8% and the method in [13] was
94.1%. Figure 8 shows the results of ALCS segmentation. We

cropped EDI-OCT B-scan images (3rd row) and retained
areas of the optic nerve head for a more distinct observation.

It shows that our proposed method obtains excellent seg-
mentation results with high matching degrees. The predicted
pixels are very close to the reference pixels in Fig. 8. With the
help of adaptive compensation (2nd row), blood shadows are
removed and contrast is enhanced in the ONH area. The
boundary of ALCS in blood shadow area is distinct, while
the boundary that is not affected by blood shadows becomes
blurry in some B-scans (3rd column). To handle this dilemma,
we stack up a B-scan and its compensated B-scan as the inputs
of our residual network. The anti-color B-scan offers more
boundary information in areas that are not affected by blood
shadows, while the compensated B-scan offers a more distinct
boundary in blood shadow areas. Residual U-Net learns
boundary features from both two kinds of images to obtain
robust segmentation results.

To the best of our knowledge, our study is the first to
combine EDI-OCT images and fundus images for glaucoma
screening. Combination of structural parameters and textural
features extracted from EDI-OCT images and fundus images

Table 3 Raw values of all

features Features Glaucoma group Normal group Glaucoma sample Glaucoma  Normal
(false negative) sample sample
Minimal 106438 +28.29  72.550 £31.743  106.543 85.405 43.022
ALCSD
Maximal 131.007 £ 30.16 ~ 98.728 £27.944  125.581 110.905 81.889
ALCSD
Average 119.345 + 29.07 86.815 + 28.632  115.788 99.113 70.176
ALCSD
Slope ratio 0.579 £ 0.313 0.556 + 0.322 0.463 0.571 0.286
Horizontal 0421 £0.313 0.444 + 0322 0.537 0.429 0.714
ratio
BMO-MRW1 26.628 £ 15.394  37.884 + 16.760 13.000 24.331 44.721
BMO-MRW2 19.954 £ 6.648  42.592 + 13.234 16.279 18.682 44.295
Vertical CDR 0.549 + 0.125 0.502 +0.115 0.696 0.498 0.351
Horizontal 0.530 + 0.084 0.389 +0.151 0.498 0.462 0.349
CDR
Entropy 2.967 + 0.251 2916 +0.129 3.074 2.981 3.042
Correlation 0.955 + 0.021 0.995 + 0.001 0.996 0.960 0.996
Homogeneity 0.878 + 0.029 0.909 + 0.012 0.925 0.893 0.896
Correntropy-R ~ —1.187 £ 0.597 0.712 £ 0.033 0.697 —1.408 0.717
Correntropy-G~~ —1.164 = 0.658 0.698 = 0.112 0.907 —1.307 0.486
Correntropy-B~ —1.182 + 0.614 0.710 £ 0.018 0.749 —-1.299 0.678
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(a)

Fig. 9 B-scans and fundus images of three samples. (a) The wrongly classified sample. (b) Glaucoma sample. (¢) Normal sample

was proven by experiments to be effective. Fusing multimodal
features of EDI-OCT images and fundus images improved the
performance of glaucoma screening. We used leave-one-out
cross-validation to test the performance and stability of the
proposed method for glaucoma screening. Results of the pro-
posed method are shown in Table 2.

Among the total 32 samples, 11 of the 12 glaucoma sam-
ples were correctly predicted, and all normal samples were
predicted to be normal eyes. Only one glaucoma sample was
classified wrongly as a normal eye. Our proposed method
showed excellent performance. We compared our method to
the methods based on EDI-OCT images and based on fundus
images. The method based on EDI-OCT images only used
features extracted from EDI-OCT images, while method
based on fundus images only used features extracted from
fundus images. Table 2 shows a comparison of different
methods. Our proposed method gets the best results with
96.88% accuracy, 91.67% sensitivity, and 100% specificity.

Table 3 lists the raw values of all features. It shows the
mean and standard deviation in glaucoma group and normal
group and all feature values of three samples (the wrongly
classified sample, a glaucoma sample, and a normal sample)
are also provided for a more distinct comparison. Note that

correntropy values in red, green and blue channels are aver-
aged in each channel in Table 3. In Fig. 9, we present B-scans
and fundus images of three samples for a more clear observa-
tion of differences between different samples. The wrongly
classified sample is a glaucoma sample. It is observed in
Table 3 that most clinical parameters (e.g., ALCSD, BMO-
MRW, and CDR) indicate the sample may be a glaucoma
sample rather than a normal sample while it is opposite when
we take most textural features (e.g., correlation, homogeneity,
and correntropy) into consideration, which confuses the clas-
sifier and leads to the misclassification.

We used TLBP method to obtain information of deforma-
tion of lamina cribrosa by calculating ratios of different tem-
plates to reduce the influence of lamina cribrosa holes and
speckle noises. Table 4 shows the performances of different
methods with TLBP or LBP. Our improved TLBP can reduce
dimensions of features effectively and improve the perfor-
mance of glaucoma screening. We obtained 96.88% accuracy
and 91.67% sensitivity using our proposed method with
TLBP, while 90.63% accuracy and 83.33% sensitivity were
obtained with LBP. Besides, we use ALCD, BMO-MRW, and
deformation of lamina cribrosa with TLBP or LBP in EDI-
OCT for glaucoma screening. Results indicate that TLBP has

Table 4 Results of different
methods with TLBP or LBP

Method Accuracy(%) Sensitivity(%) Specificity(%) AUC

Based on EDI-OCT with LBP 78.13 66.67 85 0.86

Based on EDI-OCT with TLBP 93.75 91.67 95 0.98
Proposed method with LBP 90.63 83.33 95 0.98
Proposed method with TLBP 96.88 91.67 100 0.99
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better performance of extracting features of deformation of
lamina cribrosa than LBP. We obtained 93.75% accuracy
and 91.67% sensitivity using the method based on EDI-OCT
images with TLBP and 78.13% accuracy and 66.67% sensi-
tivity using the method based on EDI-OCT with LBP. Table 4
shows the comparison of the AUC of the aforementioned four
methods respectively in Table 4. Higher performances are
obtained using methods based on TLBP in comparison to
methods based on LBP. In extracted LBP features, informa-
tion of lamina cribrosa holes and speckle noises is also in-
volved. That information is not beneficial for glaucoma
screening. Template process in TLBP is designed to handle
this problem and get exceptional results. Our proposed meth-
od with TLBP shows 6.9% improvement, while a 20% im-
provement is shown when we compare method based on EDI-
OCT with TLBP and method based on EDI-OCT with LBP. It
also indicates that the combination of EDI-OCT and fundus
images reduces the effects of unnecessary information and
increases robustness.

Conclusion

We propose a method for glaucoma screening combining
EDI-OCT images and fundus images. In EDI-OCT images,
region-aware strategy and U-Net are used to predict the pos-
sibility of pixels belonging to ALCS. Structural parameters are
extracted from EDI-OCT images after ALCS segmentation.
The optic disc boundary is detected in fundus images based on
brightness reduction and sigmoid function and the optic cup is
segmented by brightness compensation and threshold. CDR
and textural features are extracted from fundus images. Our
experiments show that combining multimodal features has
given better results than using features from one kind of
image.

The proposed method is primary research in combining
multimodal features for glaucoma screening in EDI-OCT
and color fundus images. It shows potential for early glauco-
ma screening by combining EDI-OCT and fundus images. In
the future, we will collect more valid images and use more
information in EDI-OCT images and fundus images like lam-
ina cribrosa thickness for diagnosing glaucoma in the early
stage.
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