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Abstract— Myopia is a growing concern in many societies. In
extremely high myopia, pathological myopia, which can cause
visual loss, can occur. Pathological myopia is also accompanied
by various visually perceivable symptoms on the retina, such as
peripapillary atrophy. PAMELA is an automatic system for the
detection of pathological myopia through the presence of
peripapillary atrophy. In this paper, we describe two modules in
the PAMELA system based on texture analysis and gray level
analysis. A decision engine is then used to fuse the two individual
results to obtain an overall analysis. From the results run on a
sample batch of images from the Singapore Eye Research
Institute, a sensitivity of 0.9 and a specificity of 0.94 with a total
accuracy of up to 92.5% is obtained. The promising results
indicate good potential for further development of PAMELA as a
tool for mass screening for the detection of pathological myopia.
This electronic document is a “live” template. The various
components of your paper [title, text, heads, etc.] are already
defined on the style sheet, as illustrated by the portions given in
this document.
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I.

INTRODUCTION

Myopia, or nearsightedness, is a huge public health
problem with the economic and medical costs of myopia
enormous and often under-estimated. In simple refractive
myopia, the images are focused in a location in front of the
retina, leading to defocused images when projected onto the
retina, resulting in blurred vision. In cases where the degree of
myopia is extremely high, there is a possibility of the
occurrence of pathological myopia. Pathological myopia differs
from simple refractive myopia, and is defined as myopia
caused by pathologic axial elongation [1]. Also known as
“degenerative myopia”, pathological myopia can be
accompanied by straightened and stretched vessels, temporal
peripapillary atrophic crescent, tilting of the optic disc,
posterior staphyloma, lacquer cracks in the Bruch’s membrane,
geographic areas of atrophy of the retinal pigment epithelium
and choroids, subretinal haemorrhage, and choroidal
neovascularisation[2].
Myopia-related visual impairment may affect the
productivity, mobility, quality of life and activities of daily
living of individuals. Potentially blinding pathologic myopia is
often irreversible in nature, especially if diagnosed late. In the
Shihpai Eye Study of elderly Taiwanese Chinese aged 65 years

or older[2], myopic macular degeneration was the second
leading contributing cause of visual impairment (12.5%) after
cataract (41.7%). The risks of visual loss in myopia are
sufficiently high to warrant measures to prevent pathologic
myopia.
The current methods for assessment of a patient for
pathologic myopia are still largely reliant on manual efforts.
This limits the applicability of such methods for screening
efforts, though much desired. A fully automatic method for the
assessment of retinal images for pathologic myopia has yet to
be reported and yet very much in need, due to the large social
impact of myopia in many societies today. To our knowledge
no other systems for pathological myopia detection has been
described.
In this paper, we present a method for the detection of
pathological myopia through the PAMELA (Pathological
Myopia dEtection through peripapillary atrophy) system. The
PAMELA system detects the presence of pathological myopia
through several parallel approaches, with the final decision
based on a weighted committee of votes. In Section 1, a brief
description of pathological myopia has been performed.
Section 2 describes the methodology employed within the
PAMELA system. Following this, a description of an
experiment carried out with a sample set of images is
described, together with some discussion of the results, in
Section 3. Finally, Section 4 presents the overall conclusions
obtained in this paper.
II.

METHODOLOGY

As previously described, there are several typical features for
pathological myopia (PM), of which peripapillary atrophy
(PPA) is a good indicator. PPA appears as temporal choroidal
or scleral crescents or rings around the optic disc. The
PAMELA system principally employs the presence of the PPA
crescent to detect for the presence of pathologic myopia. An
overview of the system framework is shown in Figure 1. An
initial step in the PAMELA system is to first obtain an ROI
from the retinal fundus image which localizes the optic disc.
This helps to save computing resources due to the
comparatively smaller area of the optic disc (10%) compared
to the retinal fundus image. The ROI was selected through a
grid-based intensity analysis of the retinal image which we

Table 1 Classification of values
Entropy values
Classification
İ <1
1
1 İ <2
2
2 İ <3
3
3 İ <4
4
4 İ <5
5

Retinal Image
ROI Determination
Optic Disc Extraction

Boundary
Smoothing

Gray
Level
Analysis

Expandability
for more
features

Texture
Analysis

Decision
engine
(a)
Assessment outcome
Figure 1. The overall PAMELA Framework

have previously utilized, and further detail can be found in
[3,4].
Subsequently, the PAMELA framework presented in this
paper employs two parallel methods, Texture Analysis (TA)
and Gray Level Analysis (GLA) to detect for the presence of
PPA, and these will be described in the following.
A.

Texture Analysis (TA)

1) Optic Disc Determination.
In the TA module, once the ROI has been obtained, a
variational level set method [5] is then applied onto the ROI to
determine the optic disc location, following by the smoothing
of the optic disc through ellipse fitting [6], which helps to
remove irregularities in the disc boundary due to the presence
of retinal vasculature. We have previously used this approach
for optic disc determination in our ARGALI system for
glaucoma analysis, and a detailed description can be found in
[3,4].
2) Entropy Analysis.
The ROI is then prepared for analysis by performing
contrast enhancement. This is done via automatically adjusting
the pixel intensities such that there is minimal saturation at the
intensity extremities. Following this, the ROI is processed for
entropy analysis. Entropy is metric which is helpful in
determining the roughness in an image[7]. This feature was
selected due to the graininess of the region with PPA as
compared to normal region, and it was observed that entropy
was particularly useful to characterize this physiological
feature. Each pixel in the ROI was analyzed for entropy
using a 9x9 pixel neighbourhood, with entropy İ defined as
İ = Ȉ(p*log2(p)), where p refers to the normalized intensity
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Figure 2. (a) Extracted disc ROI, (b), texture map and (c) classified texture
map. A ‘redder’ pixel indicates a point of higher roughness.

histogram counts from the 9x9 area. Subsequently, a texture
map is generated which indicates the entropy values at each
pixel in the image. To further classify the results, the entropy
values, which range from 0 to 5, with a higher value indicating
a higher degree of roughness, were classified as Table 1. An
example is shown in Figure 2.
3) Knowledge-based Constraints.
PPA in pathological myopia generally tends to occur with a
high frequency in the temporal region around the optic
disc. This information is utilized to aid in the classification of
the results for the presence of PPA as opposed to false
detection due to other physiological
Structures such as the optic disc boundary or granular
vasculature. The PAMELA system subdivides the
peripapillary region into four sectors, positioned according to
the general inferior, superior, nasal and temporal zones,
centered at the disc centre, as shown in Figure 3.
Since PPA by definition occurs in the peripapillary region
outside the optic disc, a buffer region is defined based on the
disc boundary detected in Section 2.1.1. The disc boundary
typically has high contrast, which can potentially affect the
detection for PPA. The buffer region excludes the optic disc
boundary, ensuring that the four sectors analyzed are free from
edge effects due to the disc boundaries, and that only the
peripapillary region is used for analysis, as shown in Figure 4.

occurrence, i.e. a greater average roughness score in the
temporal zone compared to the nasal zone and the highest
absolute score in the nasal zone to determine the presence of
peripapillary atrophy in the image.
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Figure 3. The detected disc (in green) and the ROI considered around the disc
centre (white). (a) Superior, (b) nasal, (c) inferior and (d) temporal.
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Figure 4. Knowledge-based contraints on peripapillary zonal analysis. (a)
shows the zonal limitations and (b) includes the texture map. A brighter pixel
indicates greater roughness.

4) Zone-focused analysis.
The entropy results in each zone are then each calculated to
give the following metrics
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where, for each zone Z which is the set of zones {I=Inferior,
S=Superior, N=Nasal, T=Temporal}, n is the total number of
pixels in that zone, s is the total entropy score, ȝ is the average
entropy score, n5 is the number of pixels with an entropy score
of 5 and d5 is the pixel density of n5 pixels. Subsequently, the
ratios of each zone relative to the temporal zone for each
metric are also calculated to obtain a comparative analysis
across the zones
Using the features generated in this step, the TA module
then employs context-based clinician knowledge on PPA

B. Gray Level Analysis (GLA)
The initial step of the GLA module is similar to the TA
module, in that the optic disc is first obtained in a manner
identical to Section 2.1.1, including optic disc segmentation
and boundary smoothing.
Subsequently, an area of interest is obtained by defining a
circle with a radius of 1.2 times of the semi-major axis and
centers at the center of the disc (Figure 5(a)). The AOI is then
segmented out with the disc region filtered, as shown by
Figure 5(b). The next step is to further fine tune the ROI by
defining two new diagonal axes that pass the center and are
±45 degrees with the horizontal axes. The top and bottom
quadrants are filtered and only the right and left,
corresponding to the temporal and nasal quadrants, as shown
by Figures 5(c) and 5(d) respectively.
The final step of this method is to analyze the grey scale
image of the two quadrants. The mean intensity and standard
deviation of each quadrant are measured to obtain the
difference in the mean intensity and standard deviation of the
two sides. Images with PPA tend to have a much higher
difference in the average pixel intensity and standard deviation
compared to normal images, due to the larger variation and
more pallid, paler appearance of the peripapillary atropic
regions. This clinical knowledge is then employed for the
determination of PPA, where it is considered to exist if (a) the
difference in mean intensity is higher than a 30 intensity units
or (b) the difference in mean intensity and standard deviation
is greater than 5 intensity units and 0.6 standard deviation
units respectively. These values were empirically obtained
through observation multiple preliminary experiments.
C. Decision Engine for PM Risk Assessment
Each of the previously described methods in Section 2
(GLA, TA) individually generated a risk assessment for
pathological myopia through detecting the presence of PPA. It
was observed that each method produces slightly different
assessments, due to the various techniques employed for each.
In order to make the best use of the available results, the
results were fused based on a simple voting system, where
only a positive prediction of pathological myopia is made if
both methods report positive methods individually.
III.

EXPERIMENTS AND RESULTS.

To evaluate the performance of the framework described in
PAMELA, an experiment was conducted using images
obtained from the Singapore Cohort study Of the Risk factors
for Myopia (SCORM), a study conducted by the Singapore
Eye Research Institute. This cohort study enrolled 1979
children aged 7 to 9 years from 3 schools since 1999. Yearly
eye examinations were conducted and the children will be
followed for the next 10 years. A sample of 40 images was

methods can be implemented which may further improve the
performance of the system.
IV.
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Figure 5. Gray level analysis method: (a) identified contours, (b) extracted
focal ROI, (c) left quadrant and (d) right quadrant

Table 2 Classification of values
Method
Sens.
Spec.
Accuracy
Texture Analysis
0.90
0.84
87.5%
Gray Level Analysis
1.00
0.63
82.5%
Decision Fusion
0.90
0.94
92.5%

obtained from the SCORM study, out of which 21 images are
diagnosed with pathological myopia. The image set was
analysed by a senior ophthalmologist from the Singapore eye
Research Institute and was independently assessed for the
presence of PPA and pathological myopia. Both were
correlated with each other. This clinical assessment was then
used as the ground truth for evaluating the performance of the
PAMELA system.
The test set of 40 images was processed in PAMELA.
First, the performance of the individual detection modules was
determined. For the Texture Analysis Module, the
experimental results show an overall correct diagnosis
accuracy rate of 87.5%, with a sensitivity and specificity of
0.90 and 0.84 respectively. Using the Gray Level Analysis
Module, a more aggressive sensitivity of 1.0 was achieved.
However, this was at the expense of lower specificity at 0.63,
with an overall accuracy rate of 82.5%.
Next, the results from the individual modules were fused
using the simple voting system described in Section 2.3. The
decision engine in PAMELA produced a sensitivity of 0.90
and a specificity of 0.94. The overall accuracy obtained was
92.5%. The increase in performance from the fused results
suggests that both methods are complementary, and the
utilization of additional complementary methods could help to
further improve the detection analysis. A summary of the
results is presented in Table 1. A potential limitation is the
simple voting currently used. In future, intelligent learning

CONCLUSIONS

Pathological myopia is an ocular disease which can
potentially cause visual loss. Unlike simple refractive myopia,
pathological myopia has physiological features which can aid
in detection. Peripapillary atrophy is a particular feature which
occurs with pathological myopia. The PAMELA system
described in this paper is a novel system which makes use of
two complementary modules designed through the integration
of clinical knowledge and image processing methods, and
fuses the individual analyses using a decision engine, for
pathological myopia detection. To our knowledge there is no
other similar automated system. The favourable results shows
good promise for the further development of PAMELA into a
clinically useful tool for automatic screening for pathological
myopia.
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