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A Deep Learning System for Automated
Angle-Closure Detection in Anterior Segment

Optical Coherence Tomography Images
HUAZHU FU, MANI BASKARAN, YANWU XU, STEPHEN LIN, DAMON WING KEE WONG, JIANG LIU,
TIN A. TUN, MEENAKSHI MAHESH, SHAMIRA A. PERERA, AND TIN AUNG
� PURPOSE: Anterior segment optical coherence tomog-
raphy (AS-OCT) provides an objective imaging modality
for visually identifying anterior segment structures. An
automated detection system could assist ophthalmologists
in interpreting AS-OCT images for the presence of angle
closure.
� DESIGN: Development of an artificial intelligence auto-
mated detection system for the presence of angle closure.
� METHODS: A deep learning system for automated angle-
closure detection in AS-OCT images was developed, and
this was compared with another automated angle-closure
detection system based on quantitative features. A total
of 4135 Visante AS-OCT images from 2113 subjects
(8270 anterior chamber angle images with 7375 open-
angle and 895 angle-closure) were examined. The deep
learning angle-closure detection system for a 2-class classi-
fication problem was tested by 5-fold cross-validation. The
deep learning system and the automated angle-closure
detection system based on quantitative features were eval-
uated against clinicians’ grading of AS-OCT images as the
reference standard.
� RESULTS: The area under the receiver operating char-
acteristic curve of the system using quantitative features
was 0.90 (95% confidence interval [CI] 0.891–0.914)
with a sensitivity of 0.79 ± 0.037 and a specificity of
0.87 ± 0.009, while the area under the receiver operating
characteristic curve of the deep learning system was 0.96
(95% CI 0.953–0.968) with a sensitivity of 0.90 ± 0.02
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and a specificity of 0.92 ± 0.008, against clinicians’
grading of AS-OCT images as the reference standard.
� CONCLUSIONS: The results demonstrate the potential
of the deep learning system for angle-closure detection
in AS-OCT images. (Am J Ophthalmol 2019;203:
37–45. � 2019 The Authors. Published by Elsevier
Inc. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).)

G
LAUCOMA IS THE LEADING CAUSE OF IRREVERS-

ible blindness worldwide, with primary angle-
closure glaucoma being a major cause of blindness

in Asia.1,2 Vision loss from primary angle-closure glaucoma
cannot be reversed, and therefore identifying people with
the early asymptomatic stages of the disease may allow
for prophylactic treatment by laser iridotomy to prevent
visual loss.3With an estimated 23 million people estimated
to be afflicted with primary angle-closure glaucoma world-
wide by 2020,1 the disease will be a serious challenge for
preventive health care systems. Gonioscopy is a conve-
nient tool for simple opportunistic case detection in clinics,
but imaging is envisaged to reduce this burden of screening
for angle closure. In this context, an effective, automated
system to assist with detection of angle closure via imaging
is inevitable.4

Anterior segment optical coherence tomography (AS-
OCT) technology enables the acquisition and visualization
of high-resolution images of the anterior segment struc-
tures.4,5 However, AS-OCT imaging has limitations when
used in the clinical management of patients with angle
closure because of the lack of automated methods to inter-
pret AS-OCT images for the presence of angle closure. Pre-
vious studies have suggested that several anterior chamber
measurements, such as anterior chamber width (ACwidth),
lens vault (LV), iris curvature (IC), and iris thickness (IT),
are associated with gonioscopic angle closure, and>80% of
the variation in angle width is explained by these anatomic
risk factors.6,7

When clinicians use AS-OCT to image the angles to di-
agnose angle closure in their patients, the AS-OCT images
require a degree of interpretation. The key feature for angle
closure diagnosis is irido-trabecular contact (ITC), but on
AS-OCT images the trabecular meshwork (TM) cannot
37LISHED BY ELSEVIER INC.
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be reliably identified in most images because of limited res-
olution, making it difficult to ascertain if there was ITC.
Clinicians need to use the scleral spur (SS) as a landmark
for the TM (which lies just anterior to the SS), and clini-
cians look for iris-angle contact anterior to the SS to diag-
nose angle closure on AS-OCT images. However, the SS
may also be difficult to identify on AS-OCT images as
much as 20% to 30% of the time.8,9 An automated
system that could identify angle closure in AS-OCT images
that is not dependent on SS localization would therefore be
of immense clinical use. Automated assessment involving
computer vision and machine learning techniques may be
helpful10–13 in this context. In an automated detection
system, image features play the most important role
because they provide an image representation used in
machine learning classifiers to predict the result. In
contrast to clinical quantitative features, visual features
may extract image information beyond what clinicians
recognize as relevant and account for detailed visual
context in the image. Recently, deep learning techniques
have learned discriminative representations directly from
images, and this has been shown to surpass the
performance of hand-crafted features in many computer
vision tasks.14,15 Based on advances in discriminative
representations and large-scale data analysis, deep learning
has recently demonstrated revolutionary performance in
many medical image understanding tasks.16–19 For fundus
images, there have also been several recent studies that
showed good screening performances for diabetic
retinopathy,20,21 age-related macular degeneration,22,23

cataracts,24 and glaucoma.25–28 However, few works exist
for the automated interpretation of AS-OCT images.

In this study, we developed a deep learning system for
automated detection of angle-closure in AS-OCT images
and compared this with the automated angle-closure detec-
tion system based on quantitative features against clinician’s
grading of AS-OCT images as the reference standard.
METHODS

� AS-OCT DATASET: A total of 2113 subjects, including
those of Chinese, Indian, andMalay descent, were recruited
from glaucoma clinics of the Singapore National Eye Cen-
ter. Both eyes from 1 patient were included in our study.
The study was approved by the SingHealth Centralised
institutional review board and was conducted according
to the tenets of the Declaration of Helsinki, with written
informed consent obtained from all study participants. Sub-
jects underwent a standardized ophthalmic examination
including slit lamp examination, angle evaluation by gonio-
scopy by a fellowship-trained glaucoma specialist, and
fundus examination with a 78 diopters (D) biomicroscopic
examination. Phakic subjects were included in the study if
they had open or closed angles on gonioscopy (see below).
38 AMERICAN JOURNAL OF
Subjects who had previous laser iridotomy were not
excluded. Study participants underwent AS-OCT imaging
(Visante; Carl Zeiss Meditec, Dublin, CA) with the exam-
iner masked to gonioscopic findings. Seated subjects were
asked to fixate on the internal fixation light in the primary
gaze position under darkroom conditions. Cross-sectional
AS-OCT scanning was performed for each eye for the ver-
tical and horizontal meridia. The mode used was low scan
Visante AS-OCT imaging with 16 mm 3 6 mm and 256
A-scans per line (optical resolution axial 18 mm; transverse
(center) 60mm). Subjects with corneal conditions preclud-
ing good quality AS-OCT images, pseudophakia, laser pro-
cedures other than iridotomy, and those with motion
artefacts and incomplete images were excluded from the
study.
In total, 4135 AS-OCT images from the 2113 subjects

were collected to construct the AS-OCT dataset. Because
each AS-OCT image contains 2 anterior chamber angle
(ACA) regions, each image was split into 2 ACA images
(8270 ACA images in total), with right-side ACA images
flipped horizontally to match the orientations of left-side
images. For each ACA image, the ground truth label of
open-angle or angle-closure was determined by a single
observer. This procedure yielded an AS-OCT dataset
containing 8270 ACA images with 7375 open-angle and
895 angle-closure images.

� QUANTITATIVE FEATURE-BASED SYSTEM: The quanti-
tative features-based system consists of physical measure-
ments deemed to be significant for angle closure (described
below). To obtain these features in this study, we used the
AS-OCT segmentation method,10,29 a unified framework
that included structure segmentation, clinical quantitative
parameter measurement, and angle-closure classification
(Figure 1A). This method firstly generated a reference data-
set composed of variousAS-OCT images containingmarkers
labeled manually by ophthalmologists, identifying land-
marks such as SS and corneal boundary. Given a new
AS-OCT image, the K-nearest similar reference images
were retrieved from the reference dataset. Themanual labels
of these reference images were transferred to the new
AS-OCT image as the initial markers. Then, these initial
markers were used to estimate the major clinical structures
(eg, SS, iris region, and corneal boundary). Finally, the stan-
dard quantitative parameters were calculated.
A total of 6 global AS-OCT parameters (pupil diameter

[PD], LV, anterior chamber width, anterior chamber depth,
area [AC area], and anterior chamber volume) were calcu-
lated for each ACA image (Figure 2). PD was defined as
shortest distance between the 2 iris endpoints. LV was the
perpendicular distance between the anterior pole of the
lens and the horizontal line joining the 2 SS points.30 Ante-
rior chamber width was defined as the horizontal scleral
spur-to-spur distance.31 Anterior chamber depth was the
perpendicular distance between the anterior chamber and
the horizontal line joining the 2 SS points. AC area and
JULY 2019OPHTHALMOLOGY



FIGURE1. Overview of 3 types of automated angle closure detection systems. (A)Quantitative feature-based method, where clinical
quantitative features were extracted based on segmentation results and fed into a support vector machine classifier. (B) Deep learning
method, where convolutional neural layers were used to extract deep features and fully connected layers were used to produce the
detection result. The convolutional layer parameters were denoted as the ‘‘number of channels @ receptive field size.’’

FIGURE 2. Illustration of clinical quantitative parameters. AC area [ anterior chamber area; ACD [ anterior chamber depth;
ACV [ anterior chamber volume; ACW [ anterior chamber width; AOD [ angle opening distance; ARA [ angle recess area;
IA [ iris area; IC [ iris curvature; IT [ iris thickness; LV [ lens vault; PD [ pupil diameter; TIA [ trabecular iris angle
area; SS [ scleral spur.
anterior chamber volume were defined as the cross-sectional
area and volume of anterior segment, respectively.32 More-
over, 6 local angular parameters (iris area [IA], iris curvature
[IC], iris thickness [IT], trabecular iris angle area [TIA], angle
opening distance [AOD], and angle recess area [ARA]) were
also introduced (Figure 2). IAwas cumulative cross-sectional
area along the full length of the iris. IC was calculated by
drawing a line from the most peripheral to the most central
points of the iris pigment epithelium, extending a perpendic-
ular line to the iris pigment epithelium at its point of greatest
convexity and taking the length of this line.7 IT was defined
as the thickness of the iris at the specific distance from SS.
TIA was the angle at the apex of the iris recess defined be-
tween lines extending through a point on the TM at the
VOL. 203 DEEP LEARNING FOR ANGLE-CLOS
specific distance from SS. AOD was the length of the line
segment between the cornea and iris at the specific distance
from SS. ARA was the area bounded by the AOD line,
corneal endothelium and the iris. For TIA, AOD, ARA
and IT, each of them also included 3 measured values at
different specific distances of 750, 1000, and 1200 mm
from SS point, respectively.33 Finally, totally 20 AS-OCT
parameters were calculated as the quantitative parameters.
We used a linear support vector machine classifier34 to pre-
dict the probability of angle-closure.

� DEEP LEARNING SYSTEM: The deep learning technique
provides a powerful system that integrates feature representa-
tion and classification. In this study, we introduced the deep
39URE DETECTION IN AS-OCT



FIGURE 3. The average receiver operating characteristic
curves (AUC) derived from 5-fold cross-validation on the ante-
rior segment optical coherence tomography data set against cli-
nicians’ grading of anterior segment optical coherence
tomography images as the reference standard. The dotted line
represented the tradeoff that would result from random chance.
The points shown on each curve indicated the minimal tradeoff
between sensitivity and specificity.
learning technique to detect angle-closure directly fromAS-
OCT images. The VGG-16 network was used as our basic
network architecture, which is a state-of-the-art deep
learning system and obtained satisfactory performance on
the ImageNet Large Scale Visual Recognition Challenge.35

The VGG-16 network consisted of 13 convolutional neural
network layers and 3 fully connected layers (Figure 1B). The
convolutional neural network layer applied a series of convo-
lution operations to the input and extracted local feature rep-
resentations to the next layer, while the fully connected layer
served as the traditional multilayer perception neural
network to predict the binary classification (angle closure
yes/no) result with a soft-max activation function in the final
output layer. The deep learning network was trained by an
end-to-end way and optimized the weights of each layer via
a back-propagation process using the stochastic gradient
descent method to minimize the cross-entropy between
labels and network outputs.

Our VGG-16–based deep network included many layer
weights (approximately 138 million) to be optimized by the
learning process. Tohandle this, we used 2 techniques for bet-
ter convergence. The first was to use transfer learning,36 in
which the model weights were initialized by a pretrained
model trained from ImageNet,37 and then fine-tuned model
weights on our AS-OCT dataset. The second technique
was to apply data augmentation.38 The AS-OCT images
were captured by the standardized position and direction,
and therefore we used only randomly shifting with 0.2 scale,
randomly rotating with 15 degrees, and randomly zooming
with 0.2 scale as image augmentation.

� GONIOSCOPY AND CLINICIAN GRADING OF AS-OCT IM-
AGES: Gonioscopy was performed with a Goldmann 2-
mirror lens (Ocular Instruments, Inc., Bellevue, WA) under
standard dark illumination in all participants. A narrow ver-
tical beam 1 mm in length was offset vertically for superior
and inferior quadrants andhorizontally for nasal and temporal
quadrants. Dynamic indentation gonioscopy with a 4-mirror
Sussman gonioscope (Ocular Instruments, Inc., Bellevue,
WA) was used to determine the presence of peripheral ante-
rior synechiae. We used gonioscopy classification systems by
Spaeth39 and Scheie.40 A closed ACA was diagnosed if the
posterior trabecular meshwork was seen for <_1808 during
static gonioscopy.40 The clinician’s qualitative evaluation
of AS-OCT images was done after masking gonioscopic find-
ings. An angle closure in AS-OCT images were defined as at
least substantial ITC beyond the SS (at least one-third of the
visibleTM should be in contactwith the iris). In those images
where the highly reflective TMor SSwas not visible, the ITC
should be beyond the limbal reflections with a narrow
approach. In the latter scenario, adjudication of the findings
was done with the help of a senior glaucoma specialist.

� EVALUATION AND STATISTICAL ANALYSIS: One
advantage of a machine learning–based technique is that
it can produce an explicit probability result for each
40 AMERICAN JOURNAL OF
ACA classification. By applying a threshold to this proba-
bility to determine referability, the algorithm’s sensitivity
and specificity can be tuned for a particular use case. Perfor-
mances across many different thresholds were summarized
with area under the receiver operating characteristic curve
(AUC) with 95% confidence intervals (CIs). Moreover, we
represented the highest point on the ROC curve that offers
minimal tradeoff between sensitivity and specificity
(Figure 3) against clinician grading of AS-OCT images as
reference standard.
The deep learning method was implemented with Py-

thon based on Keras with Tensorflow backend. We used a
gradually decreasing learning rate starting from 0.0001
and a momentum of 0.9. The method based on quantitative
features was implemented with Matlab 2016b, and all sta-
tistical analyses were also performed using Matlab 2016b.
In our study, we used 5-fold stratified cross-validation on

our AS-OCT dataset of 8270 images to evaluate the perfor-
mance, which is a resampling procedure widely used to eval-
uate machine learning models on a limited data sample. In
our study, the whole dataset was split into five individual
groups (1654 ACA images per each group). One group
was then taken as a test data set to evaluate performance,
while the other 4 groups were used as training set to train
the model. Finally, the cross-validation process was
repeated 5 times, with each of the subsamples used exactly
once as the validation data, to report the average perfor-
mance in our study. The data were divided to ensure that
ACA images acquired from the same patient (eg, left and
right ACA from one AS-OCT image, or the left and right
JULY 2019OPHTHALMOLOGY



FIGURE 4. Feature visualization for anterior chamber angle images. (A) The input anterior segment optical coherence tomography
image. (B) Attention map of deep learning features.
eye from the same patient) were not split across training and
validation data. We performed the analysis to compare
automated angle-closure detection systems against clini-
cian’s grading of AS-OCT images as reference standard,
and the statistical significance for P values was set at .05.

� INTERPRETATION OF DEEP LEARNING FEATURES: The
attention map visualizations were presented to identify pat-
terns of deep learning features. The deep learning network
was structured as a hierarchy of layers to explore different
levels of features fromAS-OCT images. The convolutional
layers in the deep learning network scanned over the whole
image to learn features from local region and aggregate
these features to generate the feature map for the full im-
age. The feature maps were thenused as input to pass on
to the following layer. This hierarchy structure of deep
learning networks produced the discriminative features
on the different levels and scales, which mined a broader
range of AS-OCT image details—beyond what humans
can observe as relevant—and led to better performance
than quantitative parameters. Moreover, we could not
observe the specific deep feature exactly, but the attention
map visualization provided an effective way to interpret the
response region, which contributed most to the deep
learning prediction in AS-OCT image. The AS-OCT im-
age was fed into deep learning network, and the feature
maps from the final convolutional layer were outputted.
The attention map of the most important features used in
VOL. 203 DEEP LEARNING FOR ANGLE-CLOS
angle-closure detection was generated by taking the
weighted sum of all the feature maps using their associated
weights in the fully connected layer (Figure 4B). The high-
lighted response map is important to the predictions of
deep learning center on the ACA region, which is coinci-
dent to what ophthalmologists use to make a diagnosis.
Moreover, The t-distributed stochastic neighbor embed-

ding (t-SNE)41 was used to visualize the features in 2 dimen-
sions. Figure 5 shows the t-SNE visualization for different
features with each dot denoting an individual AS-OCT im-
age in the feature space. Red and blue dots denote the angle-
closure and open angle cases, respectively. From the t-SNE
visualization, the 2 clusters (angle-closure and open angle
images) overlap when using quantitative features. By
contrast, the deep learning features resulted in two objec-
tively separated clusters.
RESULTS

THE EVALUATION AS-OCT DATASET CONTAINED 8270 ACA

images with 7375 open-angle and 895 angle-closure images
from 2113 subjects (954 males and 1159 females; mean age
63 6 8 years), and other clinical characteristics are re-
ported in Table. Gonioscopy diagnosed 6971 open-angles
and 1299 angle-closures. Of the AS-OCT images analyzed,
16% (1323/8270) were found to have poorly discernible
41URE DETECTION IN AS-OCT



FIGURE 5. A t-distributed stochastic neighbor embedding (t-SNE) visualization of the validation data set within the feature repre-
sentation. Red and blue dots denote the angle-closure and open angle anterior chamber angle images, respectively. (A) The t-SNE
visualization of quantitative features. (B) The t-SNE visualization of deep learning features.

TABLE. Summary Statistics of Data

n Mean (95% CI) Median 6 SD

Refractive error 3896 0.23 (0.148–0.311) 0.75 6 2.60

Axial length 4025 23.89 (23.85–23.93) 23.66 6 1.325

CCT 3238 0.447 (0.446–0.448) 0.441 6 0.037

CDR 3812 0.42 (0.41–0.42) 0.40 6 0.11

Intraocular pressure 4082 14.90 (14.83–14.98) 15 6 2.39

CCT ¼ central corneal thickness; CDR ¼ cup-to-disc ratio; CI ¼ confidence interval; SD ¼ standard deviation.
TM or SS and needed adjudication by a second examiner.
In addition, we performed an earlier pilot study done in this
sample (n¼ 342) for interobserver reproducibility for angle
closure as open/closed based on this definition and found
kappa > 0.8.

The AUC for angle closure detection for using quantita-
tive features in comparison with clinician’s interpretation
of the AS-OCT image was 0.90 (95% CI 0.891–0.914;
P < .0001) with a sensitivity of 0.79 6 0.037 and a speci-
ficity of 0.87 6 0.009. Correspondingly, the deep learning
method obtained the best performance, with AUC 0.96
(95% CI 0.953–0.968; P < .0001) with a sensitivity of
0.90 6 0.020 and a specificity of 0.92 6 0.008.

Some failure cases of angle closure are also shown in
Figure 6. One common reason for false negative classifi-
cation was poorly delineated SS or TM (Figure 6A).
The poorly delineated SS or TM cases may lose the
discriminating information and cause the misdetection
by computer vision system. The second reason of failure
was because of shadow interference (Figure 6B). The
shadow produced a low-contrast region, which could
mislead the computer vision system. However, this
case could be relieved by using extra image enhance-
ment preprocessing.
42 AMERICAN JOURNAL OF
DISCUSSION

SEVERAL METHODS HAVE RECENTLY BEEN PROPOSED TO

identify gonioscopic angle-closure from AS-OCT imaging.
Various subsets of quantitative AS-OCT parameters were
reported as being associated with the development of angle
closure.6,7 The reported AUCs were 0.83 with LV and
AOD at 750 mm7 and AUC 0.95 with a combination of
6 quantitative AS-OCT features.6 However, the quantita-
tive parameters used in these studies were calculated manu-
ally or by semiautomated means.42 By contrast, visual
feature–based methods are automated. Xu and associates13

reported a 0.83 AUC with HOG feature, and Ni and asso-
ciates43 reported a 0.98 AUC with shape analysis on a
swept source OCT. In this study, we developed a deep
learning system for angle-closure detection and compared
this system with an AS-OCT detection system based on
quantitative features on the same AS-OCT dataset. The
quantitative feature-based system obtained a lower perfor-
mance (AUC ¼ 0.90) than the deep learning features
(AUC¼ 0.96). However, the clinical quantitative features
were predefined based on anatomic structures, which had
specific physical and clinical significance that clinicians
take into consideration in making a diagnosis. By contrast,
JULY 2019OPHTHALMOLOGY



FIGURE 6. The typical false-negative cases from the deep learning system. (A) Angle-closure with a poorly delineated scleral spur.
(B) Angle-closure with shadow interference (yellow arow).
the visual features mined a broader range of AS-OCT im-
age details, beyond what humans can observe as relevant,
and led to better performance than quantitative parame-
ters.

The deep learning method learned the highly discrimi-
native representations from the AS-OCT images directly
by using the multiple CNN layers. The results show that
the deep learning method enables automated identification
of angle-closure with a high AUC score. We reported the
ROC curves of 2 automated methods using the t test.
The P value of the ROC comparisons between quantitative
feature-based system and deep learning system indicated a
statistically significant difference. Therefore, the deep
learning system achieved a detection result that was signif-
icantly better than the detection result of a quantitative
feature-based system.

One limitation of this study was a specific Asian popula-
tion (Chinese, Indian, and Malay) was evaluated and the
results may not apply to other ethnic groups. Another po-
tential limitation is that the AS-OCT images were taken
from the Visante AS-OCT device (Model 1000; Carl Zeiss
Meditec). This could negatively affect the quality and per-
formance when the network is applied on images from
VOL. 203 DEEP LEARNING FOR ANGLE-CLOS
other AS-OCT acquisition devices. Second, in this study
gonioscopy was not the reference standard because this
automated solution was only meant for comparison with
clinician’s interpretation of AS-OCT images. Moreover,
in this study, we mainly analyzed the nasal/temporal scans
to avoid influence by the eyelids. There was no significant
difference in angle width among superior, nasal, inferior,
and temporal quadrants as was found earlier.44 The auto-
mated methods could therefore work well on nasal/temporal
and superior/inferior scans. For the whole eye prediction, it
could input the image one by one for different degrees to pre-
dict angle closure for each degree individually, and then
count the results in 180 to 270 degrees.
In summary, we developed and investigated a deep

learning system for angle-closure detection inAS-OCT im-
ages. Deep learning was shown to be a promising technology
for helping clinicians in reliably identifying angle-closure
in AS-OCT images with high sensitivity and specificity
compared to clinician graded ASOCT images. Additional
studies are required to explore the usefulness of deep
learning algorithms deployed in different population
settings, with the use of multiple devices and for larger
AS-OCT datasets.
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