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Abstract— Automatic detection of age-related macular
degeneration (AMD) from optical coherence tomography
(OCT) images is often performed using the retinal layers
only and choroid is excluded from the analysis. This is
because symptoms of AMD manifest in the choroid only
in the later stages and clinical literature is divided over
the role of the choroid in detecting earlier stages of AMD.
However, more recent clinical research suggests that choroid
is affected at a much earlier stage. In the proposed work, we
experimentally verify the effect of including the choroid in
detecting AMD from OCT images at an intermediate stage.
We propose a deep learning framework for AMD detection
and compare its accuracies with and without including the
choroid. Results suggest that including the choroid improves
the AMD detection accuracy. In addition, the proposed method
achieves an accuracy of 96.78% which is comparable to the
state-of-the-art works.

Clinical relevance— This study opens up the possibility
of improving the accuracy of automatic AMD detection by
including the choroid in the analysis even in the earlier stages
of AMD, rather than just focussing on the retina.

I. INTRODUCTION

Age-related macular degeneration (AMD) is the leading
cause of blindness in developed countries. Moreover, the
number of persons affected by AMD is projected to reach
288 million by 2040 [1]. Blindness due to AMD can be
prevented by early detection of AMD through regular eye
screening. Screening for AMD is usually performed using
fluorescence angiography (FA) however FA is invasive. Pop-
ular noninvasive screening options are color fundus pho-
tographs (CFPs) and optical coherence tomography (OCT).
A CFP is a two-dimensional photograph of the retina whereas
OCT is a three-dimensional scan. This gives an advantage
to OCT since it can detect even small structural or thickness
changes in the retina. This is especially relevant for an early
detection of AMD. Moreover, recent research [2] suggests
that OCT can sometimes be more sensitive than even FA
since some structural changes due to AMD may occur even
before any detectable leakage with FA.

Even though OCT is a useful imaging modality, its manual
examination has some limitations. Typically, an OCT scan
is a 3D scan with around 100 B-scans (referred henceforth
as images). Manual examination of all these images can be
time consuming and subjective. To overcome the challenges
associated with manual examination, researchers have pro-
posed methods for automatic examination of OCT scans to
detect signs of AMD. These signs vary depending on the
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severity of AMD. Early and intermediate stages show the
presence of drusen while in the later stages of AMD, geo-
graphic atrophy (GA) and choroidal neovascularization are
observed [3]. Much of the earlier clinical research suggests
that in the earlier stages of AMD, only the retina is affected
while choroid is affected only in the later stages. However,
there has been growing work suggesting that choroid starts
experiences changes even in the earlier stages of AMD [4].

Works on automated AMD detection also follow the
clinical trends and are inconsistent in using the choroid.
Many works on automated AMD detection have focussed
on the retina without any specific attention to the choroid.
Srinivasan et al. [5] used multiscale histogram of oriental
gradient features with a support vector machine classifier
to detect AMD and diabetic macular edema (DME) from
OCT images. During the analysis, they cropped the images
such that most of the region below the retina was removed.
Venhuizen et al. [3] proposed to use bag of words features
in conjunction with a random forest classifier to assess
the severity of AMD from OCT images. They specifically
considered only the retina for the analysis. There are some
works [6] [7] in which it is unclear if the choroid was used
for analysis or not.

There are other works which have included the choroid
in their methods for automatic AMD detection. Motozawa
et al. [8] used a two-step method to first classify a test
OCT image into AMD and normal and then further predict
whether AMD is exudative or nonexudative. A customized
convolutional neural network (CNN) was used for both the
tasks. They extracted patches centred on the retinal pigment
epithelium layer for analysis, thereby including the choroid.
Karri et al. [9] used a pre-trained CNN for automatically
identifying AMD and DME from OCT images while includ-
ing the choroid. Yang et al. [10] included the choroid in
detecting AMD using a weakly supervised CNN.

Based on the above-mentioned works, we realize the
importance of investigating the role of choroid in automatic
detection of AMD in early and intermediate stages as well.
This is relevant because inclusion of choroid has both pros
and cons. If disease symptoms are observed in the choroid,
inclusion may help. Otherwise, it may include irrelevant
information and can also reduce the classification accuracy.
For deep learning-based works, including the choroid also
increases the image size which may increase the computa-
tional load significantly.

Our contribution: The main contribution of the pro-
posed work is in running experiments to compare accuracies
of automatic detection of AMD with and without inclusion
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Fig. 1. (a) A flowchart of the proposed method to detect AMD when including the choroid (ResNet1) (b) (i) A sample image showing the positions of
retina, Bruch’s membrane (BM) and the choroid, (ii) ROI including the choroid extracted from the image for ResNet1, (iii) ROI excluding the choroid
extracted from the image for ResNet2. Performances of ResNet1 and ResNet2 are compared in this work.

of the choroid. There has been a review of clinical studies
on the role of choroid in AMD [4]. However, to the best
of our knowledge, there has been no experimental work in
this regard. In this work, we use a deep learning framework
and hypothesize that if there are even minor symptoms of
AMD manifesting in the choroid, deep learning should be
able to learn distinctive features capturing these symptoms.
This hypothesis is based on the established capability of
deep networks to learn complex features [9]. Preliminary
experiments on a dataset of OCT images of eyes with inter-
mediate stages of AMD [11] demonstrate promising results
(Section III). This work opens up the possibility of choroidal
analysis for AMD detection in early and intermediate stages
as well, instead of doing so in the later stages only.

II. METHOD

A flowchart of the proposed method is shown in Fig. 1(a).
The proposed method takes OCT images as input. The
images were preprocessed to normalize the intensity across
the different images. Since, different subjects have different
tilt of the retina, the retina was straightened using the position
of the Bruch’s membrane (BM). BM is the membrane which
separates the choroid (lying below the BM) from the retina
(lying above the BM) as shown in Fig. 1(b). BM was
automatically detected using a graph search-based method.
Once the retina was straightened, to remove redundancy due
to the presence of vitreous (black portion observed at the
top of the image), portion of the image above the retina
was removed such that no part of the retina was cropped
out. Similarly, a portion of the image was cropped out from
bottom of the image so as to maintain the image size across
all the images and include the choroid at the same time.
Cropped images were resized to a standard size and used for
training a deep learning network called ResNet50. Trained
network was then used to classify test images as affected
by AMD or normal. We call this method ResNet1. For the
method where choroid is removed, an additional step was
to use the location of the BM to crop out the choroid and
we call this method ResNet2. Details of these methods are
presented below.

A. Preprocessing and Image Cropping
All the OCT images were intensity normalized using the

method in [12]. The image intensities were rescaled to lie

between 0 and 1. A median filter, 20 pixels high and 2 pixels
wide was applied on the resulting image for noise removal.
Thereafter, any intensity larger than 1.05 × Im was set to
1.05 × Im where Im denotes the maximum intensity in the
rescaled and noise removed image.

After preprocessing, BM was detected using an unsuper-
vised graph-based method originally used for skin surface
segmentation [13]. We modified the cost function of this
method to make its value lowest at the BM. This cost
function utilized two observations, 1) there is a strong edge at
the BM, and 2) there is a bright to dark transition at the BM
when going from retina to the choroid. Once the cost was
defined, BM was detected as the surface with the lowest cost
using the max-flow/min-cut algorithm [14]. Once BM was
detected, a straight line was fit to the BM. The slope of this
line was computed and the image was rotated such that this
straight line was perfectly horizontal. This step straightened
the BM thereby nullifying the variability in the retinal tilt
among different subjects.

To remove the vitreous, the image was thresholded to yield
a binary image in which only the brighter retinal layers
were white while vitreous and other darker regions in the
image were black. Thereafter, horizontal projection profile
was obtained resulting in a vector Nrow long, where Nrow

is the number of rows in the image. The first element in
this vector exceeding a pre-defined threshold was found, let
its location in the vector be ymin (Note that the coordinate
system origin was taken at the top left of the image with y
increasing from top to bottom). A region of interest (ROI)
of size 800× 300 was cropped out of the original image by
removing ymin rows from the top and 100 pixels from left
and right of the image.

For ResNet2, the retina was straightened and vitreous was
removed in a manner same as in ResNet1. In addition, 100
pixels were removed from left and right of the image. There-
after, choroid was removed using the position of BM as refer-
ence. If BMrowmax represents the maximum y-coordinate
of BM, the portion of the image below BMrowmax was
removed. This resulted in the ROI to be used for further
analysis.
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TABLE I
ARCHITECTURE OF RESNET50

Layer name Description
conv1 7× 7, 64,stride 2

conv2 x
3× 3, max pool, stride 2 1× 1, 64

3× 3, 64
1× 1, 256

× 3

conv3 x

 1× 1, 128
3× 3, 128
1× 1, 512

× 4

conv4 x

 1× 1, 256
3× 3, 256
1× 1, 1024

× 6

conv5 x

 1× 1, 512
3× 3, 512
1× 1, 2048

× 3

average pool, 1000-d fc, softmax

B. Classification

For classification, we chose a deep neural network archi-
tecture called ResNet50 [15] which has 50 layers. In addition,
we used transfer learning in which initial weights were
loaded from the ResNet50 trained on ImageNet database.
Transfer learning has been shown to perform better than
random initialization of weights [9]. The architecture of
ResNet50 is shown in Table I. Note that the fully connected
layer of ResNet50 was replaced by a flattening layer, a fully
connected layer with relu activation, a dropout layer and
another fully connected layer with softmax activation for
classification. This is not shown in Table I.

Input to ResNet50 were the ROIs extracted as mentioned
in the previous section resized to 224×224 pixels. Examples
of extracted ROIs for ResNet1 and ResNet2 are shown in
Fig. 1(b). For the test images, preprocessing and cropping
were performed as mentioned in section II before being
tested by the trained ResNet50. Classification was a 2-class
problem, namely AMD and normal. Prediction was in the
form of a probability of having AMD in the test image. This
probability was thresholded to get the prediction for each
image.

III. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Dataset

In this work, we use a publicly available dataset which
contains SD-OCT images from a total of 384 subjects [11].
Out of these, 269 were patients with AMD in intermedi-
ate stage while 115 were healthy subjects (Note that this
study was conducted with the approval of the institution’s
Institutional Review Board). There is one OCT scan per
subject containing 100 images, each of size 1000 × 512
pixels. Since labels are not available for each image, we
manually labelled each image from the patients as AMD
or normal. This is because even in AMD patients, some of
the images may look normal. Labelling was performed by 3
independent graders and majority voting criterion was used

to get the final grade. Out of the total 38400 images for AMD
patients, 13637 were labelled as AMD. Normal images were
taken from the healthy subjects. We removed poor quality
images from the dataset as well as images for which ROI
was cropped incorrectly. Final dataset comprised of 14560
images out of which 6670 were normal and 7890 contained
signs of AMD. The dataset was divided into 4 parts for a 4-
fold cross-validation. In such a cross-validation scheme, one
of the parts is used for testing while the remaining 3 parts
are used for training the classifier. This process is repeated
4 times (4 runs) such that all the samples are tested at least
once. Cross validation was performed in such a way that no
subject had their images in both training and testing datasets.

B. AMD prediction

Data was processed as mentioned in section II. The
threshold used in detecting the vitreous was used as 0.2
while for prediction, the probability threshold was taken
to be 0.5. We used Keras [16] with Tensorflow [17] for
our deep learning experiments on an Ubuntu machine with
128GB RAM and Geforce RTX 2080T GPU. As mentioned
in section III-A, a 4-fold cross-validation scheme was used
for evaluation. Training was performed for 20 epochs and
took around 30 minutes while testing took approximately 4
ms per image. We used sensitivity (Sen), specificity (Spec),
area under the ROC curve (AUC) and accuracy (Acc) as
the evaluation metrics. Results of AMD prediction on the
image level for the 4 runs are shown in Table II for both the
methods ResNet1 and ResNet2.

Overall, the results show that results of AMD predic-
tion when including the choroid (96.78%) is marginally
better than when choroid was not included in the analysis
(95.82%). The improvement is small which may indicate
that at the intermediate stage of AMD, the signs are not
too obvious when observed in SD-OCT images. However,
it would be interesting to perform a similar analysis on
enhanced depth imaging OCT (EDI-OCT) and swept source
OCT (SS-OCT) where the choroid visibility is usually much
better as compared to SD-OCT. AMD detection in these
modalities using the choroid may lead to significantly better
results as compared to not using the choroid. Our results
are still significant as they open up the possibility of further
improvement in AMD detection at early and intermediate
stages in the existing works as well as further exploration
using different imaging and classification methodologies.

Another observation is the high overall accuracy using
ResNet50 which also indicates the usefulness of the network
for the task. Table III shows the accuracy obtained by other
related works. The comparison is not fair as all the works
were evaluated on different datasets but it does give an idea
on the state-of-the-art accuracy of automated AMD detection.
We observe that the accuracy of the proposed work compares
well with the state-of-the-art.

IV. CONCLUSIONS

Automated AMD detection from OCT images can be
performed either by including the choroid or excluding it
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TABLE II
COMPARISON OF PERFORMANCES OF RESNET1 (INCLUDING THE CHOROID) AND RESNET2 (EXCLUDING THE CHOROID)

Run No. ResNet1 ResNet2
Sen Spec AUC Acc Sen Spec AUC Acc

1 97.79 93.27 0.9872 95.26 95.36 93.92 0.9908 94.55
2 98.86 93.74 0.9976 96.00 97.45 96.98 0.9956 97.19
3 99.03 99.79 0.9999 99.39 98.31 98.18 0.9977 98.24
4 95.15 99.07 0.9974 96.45 90.69 98.54 0.9926 93.29

Mean 97.71 96.47 0.9955 96.78 95.45 96.91 0.9942 95.82

TABLE III
PERFORMANCE OF THE WORKS ON AMD DETECTION. THE PROPOSED WORK COMPETES WELL WITH THE STATE-OF-THE-ART. A MISSING ENTRY

MEANS THE VALUE WAS NOT AVAILABLE. NOTE THAT WE DO NOT CLAIM TO GET THE BEST ACCURACY AS OUR CONTRIBUTION IS IN COMPARING

RESNET1 AND RESNET2. MOREOVER, THE ACCURACIES MENTIONED HERE ARE NOT ON THE SAME DATABASE.

Method Classes predicted Sen Spec AUC Acc
Wang et al. [6] AMD, DME, Normal 99.30 99.60 0.9960 99.30

Venhuizen et al. [3] High risk AMD, Normal 98.20 91.20 0.9800 -
Lee et al. [7] AMD, Normal 84.63 91.54 0.9277 87.63

Motozawa et al. [8] AMD, Normal 100 91.80 - 99.00
Ours (ResNet1) AMD, Normal 97.71 96.47 0.9955 96.78
Ours (ResNet2) AMD, Normal 95.45 96.91 0.9942 95.82

from the image analysis. In this work we attempted to
experimentally evaluate the effect of including the choroid
in the analysis. We proposed to use a deep learning network
namely ResNet50 for the task. Results on a dataset of 14560
OCT images show a slight increase (96.78% as compared
to 95.82%) in the classification accuracy on the image
level when choroid was included compared to when choroid
was excluded. This small improvement in accuracy is not
conclusive but is still promising. This opens up the possibility
for the related works to re-assess their methodology and
include the choroid in their analysis. This is especially
relevant in the earlier stages of the disease where the role
of the choroid has often been overlooked. There is more
work to be done to establish the role of choroid. This
includes using different imaging modalities, databases and
classification methodologies. All this will be explored in our
future work.
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