Computers in Biology and Medicine 160 (2023) 106903

Contents lists available at ScienceDirect o
Computers in Biology
and Medicine

Computers in Biology and Medicine
. B4

FI. SEVIER

journal homepage: www.elsevier.com/locate/compbiomed

Accurate C/D ratio estimation with elliptical fitting for OCT image based on
joint segmentation and detection network

Chenan Xu®!, Zhongyue Chen 51 Xiao Zhang b Yuanyuan Peng b Zhiwei Tan", Yu Fan®,
Xulong Liao ¢, Haoyu Chen ¢, Jiayan Shen ", Xinjian Chen®""

@ State Key Laboratory of Radiation Medicine and Protection, Collaborative Innovation Center of Radiological Medicine of Jiangsu Higher Education Institutions, and
School for Radiological and Interdisciplinary Sciences (RAD-X), Soochow University, Suzhou, 215006, China

Y School of Electronics and Information Engineering and Medical Image Processing, Analysis and Visualization Lab, Soochow University, Suzhou, Jiangsu Province,
215006, China

¢ Joint Shantou International Eye Center, Shantou University and the Chinese University of Hong Kong, Shantou, Guangdong Province, 515041, China

d Bigvision Medical Technology Co., Ltd., Suzhou, Jiangsu Province, 215006, China

ARTICLE INFO ABSTRACT

Keywords:

Deep convolution network
Optical coherence tomography
Optic cup

Optic disc

Cup-to-disc ratio

Proper estimation of the cup-to-disc ratio (C/D ratio) plays a significant role in ophthalmic examinations, and it
is urgent to improve the efficiency of C/D ratio automatic measurement. Therefore, we propose a new method for
measuring the C/D ratio of OCTs in normal subjects. Firstly, the end-to-end deep convolution network is used to
segment and detect the inner limiting membrane (ILM) and the two Bruch’s membrane opening (BMO) termi-
nations. Then, we introduce an ellipse fitting technique to post-process the edge of the optic disc. Finally, the
proposed method is evaluated on 41 normal subjects using the optic-disc-area scanning mode of three machines:
BV1000, Topcon 3D OCT-1, and Nidek ARK-1. In addition, pairwise correlation analyses are carried out to
compare the C/D ratio measurement method of BV1000 to existing commercial OCT machines as well as other
state-of-the-art methods. The correlation coefficient between the C/D ratio calculated by BV1000 and the C/D
ratio calculated by manual annotation is 0.84, which indicates that the proposed method has a strong correlation
with the results of manual annotation by ophthalmologists. Moreover, in comparison between BV1000, Topcon
and Nidek in practical screening among normal subjects, the proportion of the C/D ratio less than 0.6 calculated
by BV1000 accounts for 96.34%, which is the closest to the clinical statistics among the three OCT machines. The
above experimental results and analysis show that the proposed method performs well in cup and disc detection
and C/D ratio measurement, and compared with the existing commercial OCT equipment, the C/D ratio mea-
surement results are relatively close to reality, which has certain clinical application value.

1. Introduction

Optical coherence tomography (OCT) is an image diagnosis tech-
nology that can produce high-resolution cross-sectional images of retina
[1-6] and provide diagnosis and monitor of retinal diseases for
ophthalmology clinics [7-9]. In recent years, advancements in OCT
technology have enabled spectral-domain detection to obtain
three-dimensional image data [10-13]. The three-dimensional spec-
tral-domain optical coherence tomography (3D SD-OCT) has been used
clinically to observe the optic nerve head (ONH) structures [14-16],
analyze retinal layer information [17-19] and play an important role in

the diagnosis of retinal diseases such as glaucoma. The optic disc (OD)
and the optic cup (OC) have become prime aspects among the structural
parameters of the ONH and the retinal nerve fiber layer (RNFL) [20-26],
where the cup-to-disc ratio (C/D ratio), defined as the ratio of the OC to
the OD, reflects the shape of the optic nerve and is a customary indicator
in diagnosing retinal diseases [27]. There are two methods commonly
used to measure the C/D ratio. The first is based on fundus color images
[28-31], in which the OD appears as a brighter color, with a darker area
around the OD, called the OD rim. The OC is a depressed area in the
center of the OD that appears darker. Ophthalmologists calculate the
C/D ratio by directly comparing the area of the OC to the OD, but this
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method relies on the judgment of an experienced ophthalmologist and is
subjective. The second is based on OCT for three-dimensional imaging
[14,32-34], which can clearly observe tissue and structural subtle le-
sions. Existing OCT devices measure the CDR usually by traditional al-
gorithms or deep learning to achieve stratification of retinal OCT layers,
and then calculate the C/D ratio based on the corresponding anatomical
position of the optic cup and optic disc in the retina. Based on recom-
mendations from the Singapore Eye Research Institute (SERI), the C/D
ratio more than 0.6 units indicates a risk of retinal disease [25]. Given
this standard, accurate segmentation of the OD and the OC area and
calculation of the C/D ratio in retinal OCT images is crucial for assessing
eye health.

In recent years, many related studies have been proposed succes-
sively. For example, Ashish Issac et al. [30] proposed an adaptive
threshold segmentation algorithm, of which the OD and the OC were
segmented, and the calculation speed was fast due to the calculation of
image feature values. However, due to the presence of peri-papillary
atrophy (PPA), the segmentation of the optic disc may be affected on
fundus color photography. In another study, San-Mook Lee et al. [35]
proposed a more robust segmentation method. First, wavelet transforms
were applied to fundus images with various resolutions. Second, the
fundus images with the lowest resolution were segmented using the
watershed algorithm. Finally, to obtain OD segmentation results, the
second-order wavelet transform and the inverse wavelet transform were
used to restore low-resolution images to their original resolution.
However, performing the watershed algorithm on the original image
would almost certainly result in over-segmentation. In addition, Ayushi
Agarwal et al. [28] calculated the CDR by measuring the ratio of the OC
to the OD area, and also added the calculation of the ratio of the area of
the disc rim to the OD area as an indicator for Glaucoma Screening.
However, these studies only focused the segmentation methods on the
fundus images not OCT images. As we all know, fundus images can only
observe changes in the outermost structure of the retina, making it
difficult to detect lesions in the early stages. R. Nithya et al. [36] used
both OCT and fundus images of the same subjects to calculate the C/D
ratio for diagnosis and the results demonstrated the performance of the
OCT was better than fundus images. In addition, some published studies
compared ONH parameters and RNFL thickness obtained from different
software and OCT machines. For example, Schuman et al. [37] analyzed
the ONH measurement relationship between OCT and confocal scanning
laser ophthalmoscopy (CSLO). Manassakorn et al. [38] compared the
performance of the RNFL thickness algorithm [39-42] and OD algo-
rithm [43] as determined by OCT to detect retinal disease. Gangadevi C.
B et al. [44] proposed an algorithm to detect retinal nerve fiber layer on
retinal OCT images using wavelet transform with median filtering to
extract retinal nerve fiber layer arteries and then screen for disease by
calculating its area and diameter. Wollstein et al. [45] compared the
ability of the macula, peripapillary, and ONH to detect glaucomatous
damage with OCT posterior pole scanning. Leite et al. [46] compared the
diagnostic accuracies of RNFL thickness using three different OCT ma-
chines for glaucoma detection. Hye-young Shin et al. [47] explored the
effect of different types of optic disc damage on the diagnostic perfor-
mance of OCT in early glaucoma by comparing initial visual field (VF)
defects and frequency domain OCT parameters. Table 1 summarizes the
investigations and results of the relevant clinical studies. Although the
above studies can achieve the segmentation of OD and OC, there are
three limitations. Firstly, these methods and the OCT machine they used
do not segment and detect OD and OC simultaneously, and they are
time-consuming and inconvenient to use. Furthermore, these algorithms
remain theoretical and are not integrated into the devices for clinical
practice.

In last decade, computer-assisted automation technology especially
deep learning, have been gradually used in the object detection [48,49]
and lesion region segmentation [50,51], providing more efficient and
convenient methods for diagnosis of retinal diseases [29,31,52]. Kana-
gala et al. [52] proposed a glaucoma diagnosis method using

Table 1
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Clinical investigation summary.

Author

Motivation

Findings

Colour fundus images

Ayushi Agarwal
et al. (2015)
[30]

Ashish Issac
et al. (2015)
[28]

OCT images
G.Wollstein
et al. (2005)
[45]
FArnalich-
Montiel et al.
(2007) [27]

Segmentation of OD and OC
from digital fundus images to
detect Glaucoma.

Segmentation of OD and OC
from digital fundus images.

Comparison of the ability to
detect glaucoma damage in
three regions.

CDR assessment of agreement
between slit-lamp indirect
ophthalmoscopy and Stratus
optical coherence tomography
(OCT).

On the basis of using
threshold value to detect OC
and OD and calculating CDR,
the Rim-disc ratio was added
as a factor.

An adaptive threshold
segmentation method for
optic disc and optic cup based
on image features was
proposed.

The optic nerve head region
had the highest AUC in
detecting glaucoma.

The end of the RPE layer in
OCT images was defined as
the edge of the optic disc, and
parallel lines 150 pm above
the edge of the optic disc are

defined as the edge of the
optic cup.
The C/D ratio was calculated
on both OCT and fundus
images of the same subject,
and the OCT outperformed
the fundus images.
The edge point of the RPE
Mokhtari layer was defined as the edge
et al. (2019) point of the OD, and the edge
[34] point of the OC was defined as
half of the distance between
the edge point of the OD and
the deepest point of the ILM
membrane.

R. Nithya et al. Retinal lesions detection.

(2015) [36]

Marzieh Symmetry analysis for early

detection of eye Diseases.

convolutional neural networks (CNNs) and Varational auto encoder to
detect the OC and OD. However, this study was performed on fundus
color retinal images. With the above analysis, it is not difficult to find
that few studies have focused on OCT for segmentation of OD and OC
and calculation of C/D ratio based on CNNs.

In this paper, to address these problems mentioned above, we pro-
pose a new method for detecting the OD and OC and calculating the C/D
ratio, which is based on a new artificial intelligence OCT machine —
BV1000 (Bigvision Medical Technology, Suzhou, China). The results of
the BV1000’s C/D ratio calculation for normal eyes are compared with
two commercially available 3D SD-OCT machines, Topcon 3D OCT-1
(Topcon Instrument Corporation, Paramus, NJ) and Nidek ARK-1
(Nidek Technologies, Gamagori, Japan). The characteristics and bene-
fits of the proposed C/D ratio measurement method in BV1000 built-in
algorithm are summarized as follows:

(1) An automatic segmentation model is developed based on the U-
Net segmentation network [53], we add a “target detection”
branch after its feature extraction layer. As a result, the model can
perform layer segmentation and the Bruch’s membrane opening
(BMO) detection simultaneously, improving the efficiency of the
OD and OC detection.

(2) A novel ellipse fitting technique is proposed to fit the BMO ter-

minations into a closed ellipse, so that the projection surface of

the OD area obtained is closer to the shape of the real human
eyes.

Considering the real-time requirement of OCT scanning, the

model size is minimized from an application standpoint, thus

realizing the conversion of the algorithm from theory to practice.

The experimental results show that the C/D ratio calculated by

the BV1000 for normal eyes is closer to Topcon than Nidek, which

is more consistent with the actual structure of human eyes.

3

-
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The reminder of this paper is organized as follows: The proposed C/D
ratio measurement method for BV1000 is introduced in Section II.
Section III presents the experimental results in detail. In Section IV, three
comparative experiments are carried out to further analyze the experi-
mental results and make suggestions for future work. Finally, Section V
concludes this paper by discussing the contribution and value of this
research in the professional field.

2. Methods and procedures
2.1. Overview

Many studies have been conducted to investigate the definition of the
edge of the OC and the OD. Some studies have taken the termination
points of RPE layer as disc margin [34,36,54], However, blood vessels
and axons cannot pass through the Bruch’s membrane, the BMO ter-
minations are the true structural boundary of the OD [21]. In this study,
the diameter of the OD is defined as the distance of the two BMO ter-
minations, and the OC edge is defined as the terminations of the line
connecting the ILM at the position upwards or downwards the diameter
of the OD in a certain distance [34,55,56]. The C/D ratio measurement
method is divided into two parts in this paper. The first part is a joint
segmentation and detection network (JSD-Net), which completed ILM
segmentation and BMO detection. The second part is based on the results
of the first part, using ellipse fitting to calculate the C/D ratio.

2.2. ILM segmentation and BMO detection

The purpose of the JSD-Net, as shown in Fig. 1, is to obtain the first
surface of segmentation lines (i.e., ILM) and the BMO terminations in
each slice for subsequent calculation of the C/D ratio. To make the
model easier to train, the tasks of identifying “points” and “lines” are
converted into “segmentation” and “detection” tasks. That is, the model
can achieve segmentation and detection at the same time. Fig. 2 shows
the model structure, and this model also takes into account a certain
degree of real-time requirements, where the size of the model should be
as small as possible from a design point of view. The improvements of
the model are mainly reflected in the following aspects:

(1) After careful examination, the difference between the segmen-
tation results of the image with twice downsamplings and the
image with original resolution is considered to be very small. The
downsampled images can meet the actual needs for C/D ratio
calculation. Therefore, the nearest-neighbors downsampling
method is adopted, which can significantly reduce the amount of
computation while maintaining the layering information.

Fig. 1. The B-scan with the ILM segmented and the BMO terminations detected
by the JSD-Net.
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(2) To complete the detection task simultaneously, a BMO detection
branch is constructed that is extended from the feature extraction
layer. A smaller-scale feature map is used to calculate the 95%
confidence interval of the foreground and the background. Tak-
ing the upper left corner of each feature map as the origin, the
offset of the horizontal and vertical coordinates of the BMO ter-
minations can be obtained among the foreground points by
regression. Such a BMO detection branch is much simpler
compared to the conventional target detection structure.

(3) To reduce the computational load, the unnecessary connections
in the network architecture are removed.

(4) To evaluate the performance of the JSD-Net, we compare our
method with other excellent CNN based methods, including CE-
Net [57], PSP-Net [58], CPF-Net [59], DW-Net [60], MF-Net
[61], MsST-Net [62], Attention U-Net [63], and R2-Unet [64].

2.3. C/D ratio calculation with ellipse fitting

The C/D ratio calculation algorithm is performed based on the results
of the JSD-Net. The OD edge points can be determined after the BMO
terminations have been detected. The cup width in OCT has been studied
by clinical investigations which depends on the distance upwards or
downwards from the diameter of the OD edge. The most wildly used
definition is that the intersection of the BMO line panning upwards by
150 pm and the ILM is regarded as the OC edge points [9,38]. Another
distance is defined as the half depth between the edge point of the disc
and the top of the Lamina Cribrosa (the deepest point in ILM layer) [34,
65]. In addition, we proposed a new panning distance due to the new
definition of the OD edge in this study. Since the algorithm has been
embedded in BV1000, the panning distance is named as DBV1000 in this
paper. Different panning distances are compared in the following ex-
periments, and the diameters of the OD and the OC are presented in the
optic-disc-area scan in Fig. 3.

After determining the OD and the OC edge points, each B-scan
contains the coordinates of the two OC edge points and two OD edge
points. The OD edge points of all the B-scans project on the en-face plane
to form a closed graph, which can be used to calculate the OD area
(Fig. 4 (a) and (b)). In general, the OD is a vertical oval, with average
dimensions of 1.76 mm horizontally and 1.92 mm vertically [66].
However, OD graphics projected on the en-face plane are usually
irregular if the edge points of the obtained OD area are not corrected.
Therefore, to make the closed graph more closely resemble the shape of
human eyes, ellipse fitting is introduced to post-process the edge points
on the projection plane. The obtained area of the OD after ellipse fitting
is shown in Fig. 4 (c). Whereas the OC is the depression in the center of
the OD and can be a variety of shapes from a shallow indentation to a
bean pot [66]. If ellipse fitting is also performed on the OC area, it is
likely to cause excessive distortion. Therefore, ellipse fitting is only
performed for the OD area. Finally, the C/D ratio is calculated as the
ratio of the closed graph area inside to the ellipse area outside as shown
in Fig. 4 (c).

3. Experiments and results
3.1. Dataset

The analysis of image data was approved by the Institutional Review
Board of the Joint Shantou International Eye Center (JSIEC), Shantou
University and the Chinese University of Hong Kong. A total of 41normal
subjects (82 normal human eyes) were enrolled in this study and were
examined between December 2020 and January 2021. All eligible sub-
jects were informed of the purpose and nature of the experiment. An
informed consent was obtained from each subject to perform all the
imaging procedures in accordance with the principles embodied in the
Declaration of Helsinki. The manual annotation is according to the
segmentation lines and the BMO terminations described in Fig. 1. One
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Fig. 2. The model structure of the JSD-Net, where the BMO regression output part is defined as the BMO detection branch.

Fig. 3. Three key parameters are derived from each B-scan: 1. the two green
dots is the two BMO terminations, 2. the disc diameter A is the distance be-
tween BMO terminations (dashed, straight red line), 3. the cup diameter B is the
length of the line located a certain distance from the level of the diameter of the
optic disc connecting the ILM on the two sides of the disc (dashed, straight
orange line), and 4. the panning distance C is a selected distance defined be-
tween the disc diameter and the cup diameter (straight blue line).

attending physician with more than five years of ophthalmology work
experience from the Joint Shantou International Eye Center, Shantou
University and the Chinese University of Hong Kong guided and
participated in the data labeling. We took the manual annotation as the
ground truth for this study. Finally, the labeled dataset with 82 vol
(8200 B-Scans) was developed, where all subjects had ophthalmic ex-
aminations with three different 3D SD-OCT machines: Topcon 3D OCT-
1, Nidek ARK-1, and BV1000.

3.2. The characteristics of the comparison OCT machines

In this study, raw data is obtained from the optic-disc-area scans of
the three OCT machines. The advanced scanning technology of three
machines can perform detailed imaging of the inner limiting membrane
(ILM) and the optic nerve head (ONH) to calculate the C/D ratio.
BV1000 is invented by Bigvision Medical Technology Co., Ltd., which

has automatic detection function and integrates advanced artificial in-
telligence auxiliary analysis algorithms. BV1000 reduces the scan time
from 10-20 min to 2-3 min and does not require special professional
technicians to operate due to its fully automated function. The scan
results of BV1000 consist of 100 cross-sectional slices — B-scans, and
each B-scan is in standard 6 x 6 mm protocol in physical dimensions.
The OCT volume obtained contains 512 x 1024 x 100 voxels (X x Y x
Z) with a voxel size of 11.7 pm x 60 pm x 3.27 pm. Due to the coop-
eration between our laboratory and Bigvision Medical Technology Co.,
Ltd., the C/D ratio measurement method is embedded in the BV1000.

Topcon 3D OCT-1 Maestro (firmware version 1.27) has three
different settings: wide scan (12 x 9 mm), disc scan (6 x 6 mm), and
macula scan (6 x 6 mm) [12]. Disc scan is performed in our comparative
experiment. The axial and transverse resolutions are 6 pm and 20 pm,
respectively [67]. Nidek ARK-1 employs a large pupil zone imaging
method, which combines pupil angiography, keratometry, and autore-
fraction. It has measurement ranges of —30 to +25 diopter sphere, up to
12 diopter cylinder, and 0-180° axis [68]. While the built-in algorithms
of Topcon and Nidek are not publicly available, the performance of the
C/D ratio calculation is compared using correlation analysis in the
following sections.

3.3. Experimental results

In this section, the accuracy of the C/D ratio calculated by BV1000 is
analyzed. Considering the relatively high versatility and accuracy of
Topcon 3D OCT-1 in practical applications, the correlation coefficient of
the C/D ratio calculated by Topcon and the other two OCT machines is
obtained so as to compare the similarity of the C/D ratio between the
results of Topcon and the other two OCT machines. The correlation
coefficient is calculated using the following equation:

X
= LYY - =y )

)

The comparisons are carried out from following four aspects:

(1) The performance of the segmentation network is compared with
other excellent CNNs.
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(c)

Fig. 4. The procedure of ellipse fitting. (a) The projection of the optic disc edge points of all the B-scans on the en-face plane. The gray dots represented the OC edge
points, and the white crosses represented the edge points of the optic disc. (b) The closed graphs are obtained by connecting the points in (a), which can be considered
as the optic disc and OC areas. (c) The outside ellipse graph is determined by ellipse fitting from the closed graph of the optic disc. The inside closed graph rep-

resenting the OC area remained unchanged.

(2) The C/D ratio calculated from the segmentation results (ILM
segmentation and BMO detection) generated by the JSD-Net is
compared with the C/D ratio calculated by manual annotation.

(3) The C/D ratio is compared with three different panning distances
(DBV1000, 150 pm [9,38], half of the cup depth [34,65]) with or
without ellipse fitting.

(4) The C/D ratio obtained by scanning the same subjects is
compared with three different OCT machines.

Firstly, the B-scans imaged by BV1000 are used as the raw images
before segmentation, and we adopt the 4-fold cross-validation strategy
in the comparative experiments. As can be seen from Table 2, compared
with other networks, the performance of our proposed network has
achieved higher levels in terms of DSC, IoU, and Acc. It is worth noting
that the efficiency of our proposed JSD-Net is significantly higher than
other networks, which is improved by 44%, 31% and 21% compared to
R2-UNet [64], CE-Net [57] and Attention U-Net [63], respectively. In
addition, our proposed network is greatly reduced in the number of
parameters, achieving higher computational efficiency. For example,
compared with the best performance among the comparison methods
(PSP-Net [58]), the proposed JSD-Net achieves comparable performance
on the two main segmentation evaluation metrics of Dsc and IoU and the
parameter amount is reduced by 72%, which has great significance in
the application of this project in practice.

The unsigned border positioning errors of the ILM segmentation are

Table 2
The performance comparison between the JSD-Net with other networks.
Methods DSC (%) IoU (%) Acc (%) Time Parameters
Attention U-Net 83.32 + 71.18 + 85.14 + 28 8.7M
[58] 3.36 4.12 2.29 ms
R2-UNet [59] 83.17 £ 7112 + 81.12 + 39 39.1 M
1.69 2.11 2.93 ms
CE-Net [52] 84.17 + 74.20 + 84.30 + 32 29.0 M
2.98 3.97 2.86 ms
PSP-Net [53] 85.11 + 75.13 + 85.13 + 29 27.8 M
3.98 4.88 2.82 ms
CPF-Net [54] 84.53 + 74.27 + 84.23 + 25 43.3 M
2.81 3.79 2.76 ms
DW-Net [55] 84.36 £ 74.40 + 84.55 + 26 17.4 M
3.65 3.68 2.76 ms
MsST-Net [57] 84.38 + 75.34 + 85.46 + 26 17.4 M
2.57 3.76 2.81 ms
MF-Net [56] 84.14 + 75.20 + 85.33 + 26 26.2M
2.56 3.34 1.62 ms
JSD-Net (ours) 85.33 + 75.50 + 85.48 + 22 7.8M
1.36 1.39 1.52 ms

calculated by measuring absolute Euclidean distances in the z-axis be-
tween the automatic segmentation results and manual annotations.
Paired Samples t-test is used to conduct statistical analysis of the abso-
lute Euclidean distance on the z-axis between the automatic segmenta-
tion results of JSD-Net and the ground truth. The results of unsigned
border positioning errors and p-values are presented in Table 3. Ac-
cording to Table 3, the mean errors of all subjects, subjects older than 50
years old, and subjects younger than 50 years old are 1.69, 2.01, and
1.41, respectively. Comparing the segmentation results with the manual
annotation, the p-values of the coordinate values on the z-axis of each
pixel are all higher than 0.05, indicating that there is no statistical dif-
ference between the coordinate of the two groups of ILM.

The mean Euclidean distance errors of the two BMO terminations
localized by the JSD-Net and manual annotations are compared in
Table 4. Wilcoxon signed rank test is used to analyze the localization
errors between the JSD-Net and the RCNN. Compared with the RCNN,
the BMO terminations localization errors of JSD-Net are smaller.
Furthermore, in the overall subjects, subjects older than 50 years old and
subjects younger than 50 years old, the p-values of the errors of the two
positioning methods are all less than 0.05, indicating that the errors
obtained by the two methods have significant statistical differences. In
other words, the proposed JSD-Net outperforms RCNN in BMO termi-
nations localization.

Secondly, to explore the performance of the proposed JSD-Net for
calculating the C/D ratio, the C/D ratios calculated from the segmen-
tation results obtained by the JSD-Net are compared to those obtained
by manual annotations. The Scatter plots and the Bland-Altman plots are
shown in Fig. 5. As shown in Fig. 5, the span of 95% confidence interval
is narrow, indicating that the C/D ratio generated by JSD-Net is highly
correlated with the C/D ratio calculated by manual segmentation.

In addition, based on the segmentation result obtained by the JSD-
Net, the C/D ratio is calculated by using three definitions of the
panning distances mentioned before: DBV1000, 150 pm [9,38], and the
half of the cup depth [34,65]. When ellipse fitting is used to refine the
OD area, the correlation coefficients between the C/D ratio calculated by
using the three panning distances and Topcon are 0.7857 (DBV1000),

Table 3
Summary of mean unsigned border positioning errors and p-values of the ILM in
segmentation results (Mean + Standard Deviation in pixels).

ILM Surface Number Mean unsigned border positioning errors  p-values
all subjects 82 1.69 £+ 5.18 0.103
>50 years old 40 2.01 +£5.32 0.083
<50 years old 42 1.41 £ 4.91 0.072
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Table 4
Summary of mean Euclidean distance errors of the two BMO terminations in
segmentation results (Mean + Standard Deviation).

BMO Number Mean euclidean distance errors

JSD-Net RCNN p-values
left
all subjects 41 22.80 + 5.97 23.14 £ 6.32 0.033
>50 years old 20 22.94 + 5.45 23.58 + 6.23 0.027
<50 years old 21 22.69 + 6.23 22.71 £5.73 0.048
right
all subjects 41 20.58 + 5.73 22.86 + 5.38 <0.001
>50 years old 20 22.16 + 4.03 23.74 £ 4.39 0.003
<50 years old 21 19.26 + 6.27 21.98 +7.35 <0.001

0.7041 (150 pm), and 0.7099 (the half of the cup depth), respectively.
The correlation coefficients become 0.8804, 0.7414, and 0.6864 without
ellipse fitting. The mean and standard deviation of the C/D ratio
calculated by using the three panning distances is detailed in Table 5.

Finally, the correlation coefficients between the C/D ratio calculated
by BV1000 and Nidek with Topcon is analyzed. Fig. 6 shows the Bland-
Altman plots and Scatter plots, which indicates that the correlation
between the C/D ratio calculated by BV1000 and Topcon is higher than
that of Nidek, and the span of 95% confidence interval that is consistent
between Topcon and BV1000 is less than the span of 95% confidence
interval that is consistent between Topcon and Nidek. The mean C/D
ratios calculated by the algorithm of Topcon, BV1000, and Nidek are
0.30, 0.23, 0.34, respectively. The correlation coefficients of the BV1000
and Nidek with the Topcon are 0.7857 and 0.6647 respectively as shown
in Table 6. According to the above analysis, it is known that compared
with the Nidek algorithm, the C/D ratio calculated by BV1000 has a
higher correlation with the Topcon algorithm.

To further demonstrate the scientific application of the ellipse fitting
algorithm to the OD, since it is known that the C/D ratios of normal
subjects without obvious fundus abnormalities are mostly less than 0.6,
the proportions of subjects with the C/D ratio less than 0.6 in all normal
subjects are calculated among BV1000, Topcon, and Nidek to evaluate
the closeness of agreement between the calculated values and the

Bland-Altman plot (BV1000 Algo vs. Manual-tracking)
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ground truth. The findings of this analysis are shown in Fig. 7. The result
of BV1000 achieves the best performance with a proportion of 96.34%,
which is 2.44%, 25.61% higher compared to Topcon and Nidek,
respectively. In contrast, the proportion of Nidek is much lower than the
two machines above.

Moreover, in the comparison survey results of the cup-to-disc ratio of
the First Affiliated Hospital of Nanjing Medical University, BV1000 is
closer to the ground truth than Topcon, which shows that the proportion
of C/D ratio less than 0.6 in the subjects with no obvious fundus ab-
normalities achieves 98.85%. The four comparative experiments reveal
that the C/D ratio measurement method in BV1000 proposed in this
paper has high accuracy in both theoretical and practical C/D ratio
calculations.

4. Discussions

In this paper, we have proposed a novel segmentation and detection
method of the OD and the OC, as well as the calculation method of the C/
D ratio. A preliminary study is conducted to (i) compare the perfor-
mance of the proposed network with other CNNs, (ii) compare the
segmentation results obtained by the JSD-Net of BV1000 and the manual
annotation, (iii) compare the result of the C/D ratio calculated by the
distance upwards or downwards from the OD diameter in BV1000 and
the other two proposed panning distances, and (iv) compare the results
of the C/D ratio calculated by BV1000 with Topcon 3D OCT-1 and Nidek
ARK-1.

Four comparative experiments are conducted to evaluate the per-
formance of the C/D ratio measurement method. The first experiment
aims to compare the segmentation performance of the proposed JSD-Net
with other state-of-the-art networks, where our proposed JSD-Net not
only achieves higher performance on the segmentation task, but also
greatly outperforms other networks in both efficiency and complexity as
shown in Table 2. The second comparative experiment aims to evaluate
the correlation of the segmentation results obtained by the JSD-Net and
the manual annotation. In terms of the mean and standard deviation of
unsigned border positioning errors of the ILM, the JSD-Net exhibits a
strong correlation with the manual annotation in all subjects tested as

Scatter plot (BV1000 Algo vs. Manual-tracking)
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Fig. 5. Scatter plot and Bland-Altman plot for BV1000. Scatter plot demonstrated the correlation of the C/D ratio calculated from the segmentation results obtained
by the JSD-Net and the manual annotation. Bland-Altman plot demonstrated the agreement of the C/D ratio calculated from the segmentation results obtained by the

JSD-Net and the manual annotation.

Table 5

Comparison of the C/D ratio by different panning distances with and without the ellipse fitting (Mean + Standard Deviation).

With ellipse fitting

Without ellipse fitting

Dsgv1000 150 pm 1/2 distance of the depth Dsgvi000 150 pm 1/2 distance of the depth
C/D ratio 0.23 +0.17 0.22 +0.18 0.15 + 0.13 0.28 + 0.17 0.27 + 0.20 0.17 + 0.14
Correlation coefficient 0.7857 0.7041 0.7099 0.8804 0.7414 0.6864
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(a) Scatter plot (Topcon C/D ratio vs. BV1000 C/D ratio)
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(b) Scatter plot (Topcon C/D ratio vs. Nidek C/D ratio)
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Fig. 6. Scatter plots and Bland-Altman plots for normal subjects. First row: Scatter plots demonstrating the correlation of the C/D ratio calculated by BV1000 and
Nidek with Topcon. Second row: Bland-Altman plots demonstrating the agreement of the C/D ratio calculated by BV1000 and Nidek with Topcon.

Table 6
The correlation coefficients of the C/D ratio calculated by BV1000 and Nidek
with Topcon (Mean + Standard Deviation in pixels).

Machines Topcon BV1000 Nidek
C/D ratio 0.30 £ 0.16 0.23 +0.17 0.34 +£0.18
Correlation coefficient 1 0.7857 0.6647

shown in Table 3. The value is higher in subjects over the age of 50 but
lower in subjects under the age of 50. This minor difference can be
attributable to the morphologic changes caused by aging, which affects
automatic retinal surface segmentation. In addition, compared with
RCNN, the mean Euclidean distance errors of the two BMO terminations
for JSD-Net are relatively smaller in the left and right eyes as shown in
Table 4.

Since blood vessels and axons cannot pass through the Bruch’s
membrane, BMO is the boundary of the right OD structure [21].

Therefore, compared with other studies, we choose the BMO termina-
tions as the boundary of the disc structure rather than the endpoint of
the RPE layer, and propose the corresponding panning distance. The
objective of the third experiment is to prove that the area of the OD and
the OC as well as the C/D ratio determined by DBV1000 has a higher
correlation with Topcon than that obtained by the other two experience
values as shown in Table 5. In addition, we further conduct comparative
experiments to prove that the C/D ratio calculation with ellipse fitting
makes the OD profile closer to the truth. It has been demonstrated that
the proportion of C/D ratio less than 0.6 of BV1000 in the subjects with
no obvious fundus abnormalities is higher than the results calculated by
Topcon and Nidek as shown in Fig. 7, which shows C/D ratio calculated
by the BV1000 is more in line with medical research standards than the
other two OCTs.

Finally, in the fourth comparative experiment, BV1000, Nidek, and
Topcon are used to perform direct retinal scanning and the C/D ratio
calculations on normal eyes. The purpose is to convert the C/D ratio
measurement method of BV1000 from theoretical research to practical

BV1000 | 96.34%
Topcon F | 93.90%
Nidek F | 70.73%
| | | 1 1 | 1 | I}

0 0.1 0.2 0.3 0.4

06 0.7 0.8 0.9 1

C/D ratio

Fig. 7. The proportions of subjects with the C/D ratio less than 0.6 in all normal subjects among the three OCT machines.
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application. As shown in Table 6, BV1000 is relatively closer to Topcon
than Nidek for the results of calculating the C/D ratio of normal eyes.

Although the proposed methodology has a good segmentation and
calculation efficiency after embedding BV1000, there are still some
limitations in this study. Firstly, the glaucoma disease is characterized
by damage to the structure of the nerve fiber layer and changes in OD
parameters [29], so the segmentation of the retinal layer is critical for
the diagnosis of glaucoma. In this paper, considering the real-time
performance and calculation speed of OCT machines in actual opera-
tion, the proposed method reduces the volume of the conventional U-Net
segmentation network while ensuring that the model has sufficient
ability to extract image features. Some novel retinal layering algorithms
have also been proposed in our previous studies. For example, Yang
et al. [69] proposed an attention-guided channel to pixel convolution
network for a fully automatic segmentation of retinal layers from optical
coherence tomography (OCT) images. Xiang et al. [70] proposed a
multiscale bright and dark layer detection filters to enhance contrast
between adjacent layers. The real-time performance, calculation speed
and result accuracy of these methods embedded in OCT machines may
need to be evaluated in a more rigorous future study. On the other hand,
due to the lack of sufficient glaucoma subjects, we have not done rele-
vant research on the performance in detecting glaucoma subjects, which
will be done in the near future.

5. Conclusion

In this paper, a C/D ratio measurement method embedded into the
BV1000 OCT is proposed that incorporates a joint segmentation and
detection network, JSD-Net, as well as ellipse fitting. Four comparative
experiments are conducted to evaluate the characteristics and advan-
tages of this method in C/D ratio calculation from both theoretical and
practical aspects. By comparing theoretical methods, the proposed C/D
ratio measurement method performed well on the OC and OD detection
and C/D ratio calculation for normal subjects. In addition, owing to the
benefits of the ellipse fitting, the OD profile segmented by BV1000 is
closer to the actual construction of normal eyes than Topcon 3D OCT-1.
By comparing practical machines, the C/D ratio calculated by BV1000 is
more consistent with the standards of medical research than Topcon 3D
OCT-1 and Nidek ARK-1. Our study provides a new automatic method of
OCT machines for eye health management and disease prediction. These
results are of great significance for the conversion of artificial intelli-
gence image algorithms to the practical application of ophthalmology.
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