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ABSTRACT

Malarial retinopathy addresses diseases that ar e characterized by abnormalitiesin retinal fundus
imaging. Macular whiteningisoneof thedistinct signsof cer ebral malariabut hashardly been explored
asacritical bio-marker. The paper proposesacomputerized detection and classification method for
malarial retinopathy using retinal whiteningasabio-marker. The paper combinesvariousstatistical
and color based featuresto form a sound feature set for accur ate detection of retinal whitening. All
featuresareextracted at imagelevel and feature selection isperformed to detect most discriminate
features. A new method for maculalocation isalso presented. Thedetected maculalocation isfurther
used for grading of whiteningasmacular or peripheral whitening. Support vector machinealongwith
radial basisfunctionisused for classfication of normal and malarial retinopathy patients. Theevaluation
isperformed using alocally gather ed dataset from malarial patientsand it achievesan accuracy of
95% for detection of retinal whiteningand 100% accuracy for grading of retinal whiteningasmacular
or non-macular. Oneof themajor contributionsof proposed method isgrading of retinal whiteninginto
macular or peripheral whitening.
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1. INTRODUCTION

alarial Retinopathy is often characterised by whitening. In cases of macular whitening, the fovea and

Retinal whitening, vessel discoloration,

Papilledemaand retind haemorrhagesindigital
retina images. Out of these abnormalities, retinal whitening
and vessdl discoloration are associated with cerebral malaria.
Early detection of theseretind abnormalitiescanleadtothe
detection of cerebral malaria. Cerebral Maariaremainsthe
biggest killer amongst al formsof paraditicmaaria, especialy
in tropical and equatorial regions of the globe [1]. Retinal
whitening ischaracterised asmacular whitening or periphera

macular region isaffected by apatchy pacification. In cases
of peripheral whitening, the periphery of the macular region
especidly the areas along the blood vessels are affected.
Retind whiteninginfundusimagesisoneof themost distinct
signsof cerebral maaria[1]. Unlikevascular haemorrhages
and Papilledema, retinal whitening manifestsitsalf asaunique
sign of cerebral malaria. Early diagnosisand prognosis can
be done through an automated detection and classification
system and can be very effectivein areas where occurrence
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of the disease is common and can be fatal. Fig. 1 shows
magnified regionsof fundusimage of theretinawith macular
and peripheral whitening clearly seenintheareaaroundthe
macula and blood vessels respectively.

Automatic detection and classification of diseases through
computer based methods involves development of clinical
decision support methodsthat can act as surrogatesin areas
where specialist medical opinion is not available. The
methodsinvolveextraction of highly discriminativefestures
from sample image datasets of healthy and non-healthy
subjects. Thesefeaturesare extracted usingimage processing
and statistical methods in an image and are used for
classification through supervised learning methods
associated with machinelearning.

Various medical decision support systems [2,3] have been
developed that assist the specidistsin diagnosis, prognosis
and treatment of various ailments. The fundus images of
normal subjects and subjects with disease are used to
develop a machine learning system that assists in the
decisionmaking process. In case of retind region, theregion
is manifested by abnormalities like exudates, MA
(Microaneurysms), hemorrhages, colored spots,
discoloration and whitening. Although the features extracted
for al these abnormalities are different, however, the
underlying image processing techniques have similarities
that can be exploited in detection of these abnormalities.

Peripheral
Whitening ‘ Whitening

I I =Y ‘

FIG.1. FUNDUS IMAGE SHOWING MAGNIFIED REGIONS
OF MACULAR AND PERIPHERAL WHITENING

Macular

Automatic detection and classification of various diseases
through analysisof fundusimageshasinterested researchers
for many years[4]. Researchers have used the knowledge
base developed in various ophthalmological studies for
devel oping computer based statistical models to diagnose
various ailments. Most of this research focuses on the
development of image processing techniques to detect the
abnormalities in the retinal region and then extract
discriminatory features from these areas using pre-
processing, noise removal, image enhancement and
segmentation.

The paper is organized asfollows. Section 2 highlightsthe
related work with respect to malaria retinopathy, cerebral
malaria and other ophthalmological disorders. Section 3
discussesthe proposed methodol ogy of the system. Section
4 highlightsthe experimental resultsof the system supported
by various analytical and statistical parameters. Finaly,
Section 5 concludes the paper briefly.

2. RELATEDWORK

Automatic detection of malarial retinopathy is vital for
treatment of patients suffering from cerebral malaria. Most
of the researchers have developed computerized methods
and models for this purpose using fundus images. Retinal
whiteningisavery distinct signfor cerebral malariaand has
been discussed in literature [1] for clinical diagnosis of the
disease. However, retina whitening has not been used in
any of these models as a detection and classification
parameter. There are some methods discussed in literature
that detect malarid retinopathy using other biomarkers. The
focus of research has been the detection of abnormalities
and extracting features from these aress.

Splats are segments in images that have similar color and
gpatial location. Splats can be used to extract various color
and Statistical featuresthat areuseful for classification[5,6].
Selection of appropriate and discriminatory features from
these splats is very important to obtain high classification
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results. Joshi et. al. [7] proposed an automated system for
detection of malarial retinopathy associated hemorrhages.
Thesystemused over 200 fundusimagesto devel op apattern
recognition system that classified the hemorrhages
associated with malarial retinopathy. Thesystem achieved a
sengitivity of 84.4% and specificity of 96.6% for detection of
hemorrhages using various splat and legion based features.
Tang et. . [8] proposed a splat feature classification based
scheme that extracts features from various regions which
are used for classification of hemorrhages. The system was
able to achieve an area under the receiver operating curve
vaueof 0.96 a lat level and 0.87 atimageleve respectively.

Other than these articles, no such method exists which
directly dealswith malarial retinopathy. However therearea
number of methods for hemorrhage detection due to other
retinal diseases such as diabetic retinopathy. In studies of
automated systems for diagnosis of abnormalities, HMA
(Hemorrhage and Microaneurysm) are also considered. A
moat operator was used for automated detection of HMA
[9] using only 30 retinal images.A similar study was
conducted by Hatanakaet. a. [10] on hemorrhage detection
using 125 digital retina images. HSV (Hue, Saturation and
Value) color space and Mahalanabis distances were used
for classification.A similar computer aided system for
classification wasproposedin[11]. They wereableto obtain
accuracies of around 83% using the proposed methods.

Infundusimages, thelocalization of optical disk and macula
isan important step before further analysis on detection of
abnormalities can be done. Similarly, enhancement and
segmentation of blood vesselsin fundusimagesisimportant
to localize the areas affected by any retinal abnormalities.
Geometric relationship betweentheoptical disk andtheblood
vessels was used by Hoover et. d. [12] to determine the
location of optical disk. Similarly, morphological operations
like opening, closing, dilation and erosion aong with water
transformation havebeen used by Walter et. d. [13] tolocalize
the optical disk in fundusimages.

Classification methods areimportant in supervised machine
learning agorithms. Various parameters for accuracy and
similar other measures are computed for assessment of
system performance. Multiple supervised learning and
classification methods [14] have been used by researchers
for thispurpose. SVM (Support Vector Machines) and FCM
(Fuzzy C-Mean) classification were usedby Sopharaket et.
al. [15] for classification using afeature set comprising edge
pixel location, cluster s zeand cluster intensity. A multi-layer
NN (Neural Network) was used by Osareh et. a. [16]
comprising various color and statistical features for
classification of exudatesin fundusimages. Yazid et. d. [17]
proposed another FCM based classification method for
detection of exudates and optical disk in fundus images.
Yasmeen et. d. [18] proposed amethod for localization and
detection of optical disk and compared the classification
resultswith other smilar models. Thesystem achieved optical
diskclassification accuracy of around 95% on public dataset
images. A similar statistical classification method based on
brightness adjustment procedure was used by Wang et. al.
[19] to classify exudatesin fundusimages.Wavel et transform
and supervised density-based classifier was used for
MAclassification by Quellecet. a. [20]. Thetechniquewas
evaluated on 120 imagesfor the classification of MAs.

Itisclear fromtheliteraturethat therearevery few articleson
automated detection of malaria retinopathy and their scope
is limited to haemorrhage detection only. There is no
significant work which has been carried out on detection of
retinal whitening. However, there are someclinical studies
to report different signs of MR and aso to highlight the
significance of retina whitening [5-8]. The paper proposesa
medical decision support systemto automatically detect and
classify the retinal whitening and its types using fundus
images. The system al so distinguishes the normal subjects
from the non-healthy subjects. Thisisthe main contribution
of thisarticle asit isaunique study carrying an automated
system for detection of retina whitening.
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3. PROPOSED METHODOL OGY

Automatic detection of malarial whitening in fundus
images can be vital for early treatment of patients.
Decision support systems can be live-savers in remote
locationswhere specidist careisnot availablefor patients.
In this article, we propose an automatic detection and
classification system that detects and classifies the
malarial retinopathy associated retinal whitening. The
proposed system consists of stages for pre-processing,
retinal whitening region localization, feature extraction,
feature selection and classification. The proposed system
uses concepts of image processing to select discriminant
features from the image dataset. These features are then
used to train the classifier and subsequently the training
model is used to classify the test data as normal or
subjectswith retinal whitening. The system alsolocalizes
macula which is then used to further grade the retinal
whitening subjects as subjects with macular whitening
or other forms of whitening, mostly peripheral whitening.
Fig. 2 shows the block diagram of the proposed
methodol ogy.

3.1 PreProcessing

Thefirst step of pre-processing involves basic processing
on the raw data before complex processing steps are
adopted on the images dataset. Some of the acquired
imagesin the dataset correspond to adifferent resolution,
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FIG. 2.BLOCK DIAGRAM OF THE PROPOSED
METHODOLOGY

so in the pre-processing step the images in the dataset
arere-sized to aresolution of 1536x2048 for uniformity in
all the corresponding steps.

3.2  Retinal Whitening Region L ocalization

Once all the images in the dataset have a uniform
resolution, the next step is the localization of regions
containing retinal whitening in the fundus images. To
highlight the areas of retinal whitening, pixels
corresponding to the optical disk must beremoved for a
clear visualization of the image. For this purpose, first
the optical disk isremoved from the image as the high
intensity value pixels corresponding to the optical disk
have no role in the localization of whitening regions.
The proposed algorithm uses intensity based
segmentation for extraction of optic disc [21]. The
boundary of OD (Optical Disk) is extracted by ellipse
fitting. Once the pixels corresponding to the optical disk
have been removed from the image, then a mean-based
thresholding approach is used to segregate the image
into two portions.Subsequent feature extractionisdone
on these two portions of the image. Fig. 3 shows the
complete flow of this process. Fig. 4 showsthe colored
image of ahealthy subject and corresponding RGB (Red,
Green, Blue) components. Fig. 5 showsthe colored image
of a patient’s retina and the corresponding RGB
components.

Original Colored Image

Removal of Optical Disk
Dropping the lower intensity pixels from 0 to 10

Feature Extraction

B

FIG. 3. FLOW DIAGRAM OF RETINAL WHITENING REGION
LOCALIZATION PROCESS
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It can be seen in the corresponding images that the red
and green components of both images have some
contrast information, but the contrast information of blue
component isnot meaningful. So the blue component is
dropped for all corresponding computations. Fig. 6
shows the colored image of a healthy subject and the
histogram of RGB components. Figs.7-8 shows the
colored image of apatient’simage and the histogram of
RGB components.

Original Image

Red component

Green component Blue component

FIG. 4. HEALTHY SUBJECT WITH RGB COMPONENTS

Criginal Image of Patient Red component

Green component Blue component

FIG. 5. PATIENT'S IMAGE WITH RGB COMPONENTS

Detection of Optical Disk: Most of the high intensity pixel
valuesin the fundus images are associated with the OD.
The removal of these pixels from theimage helpsin the
segregation of retinal whitening pixelsintheimage. The
process for detection of OD is explained in [9] and the
same method has been used. High intensity pixels
associated with OD are removed from theimage using a
80x80 window. After the removal of these pixels, mean
based thresholding is performed on theimage and multiple
features are computed from the image. Fig. 9 shows the
colored image and the RGB components of a normal
subject after OD removal. Fig. 10 showsthe colored image
and the histogram of the RGB components of a normal
subject after OD removal. Fig. 11 showsthe colored image
and the corresponding RGB components of a patient’s
image after OD removal and Fig. 12 shows the colored
image and the corresponding histogram of a patient’s
image after OD removal.

It can be seen that the high intensity pixels dueto the OD
are removed and the histogram points to a clear change
in the image mean intensity and the histogram peak is
shifted towards pixels of alesser intensity than theimages
in which OD pixelswere present.OD region is saturated
inred plane and by removing OD pixelsreducesthe count
of intesitiesfrom 250-255 in red plane.

Mean-Based Thresholding: In this method, following
stepsaretaken for thelocalization of whiteregionsin the
image after OD removal.

It can be seen that most fundus images have an outer
layer of low intensity (black) pixels, which are not required
inany meaningful processing. From each component, the
intensity values between 0-10 are dropped. After dropping
these values, the mean intensity value of each colored
component is computed. So we have mean intensity
valuesfor RGB components of the image. Also, no
significant change can be seen in the histogram for the
blue component because the contrast is low.
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Based on the mean intensity value for all components,
each RGB component imageis sub-divided into 2 parts.
Various features are computed from these regions for
the red and green component. The pixel values above

Original Color Image

the mean correspond to the upper region and the pixel
value below the mean to the lower region respectively.
The details of these features is explained in the next
section.
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FIG. 7. PATIENT'S IMAGE WITH RGB HISTOGRAM
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RGB toHSI Conversion: Pre-processed coloredimageis
taken as input and also split into HSI (Hue, Saturation
and Intensity) components. Different features are
extracted from these components.

Criginal Image Red component

Green component

FIG. 8. NORMAL IMAGE WITH RGB COMPONENTS AFTER
OD REMOVAL
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3.3 FeatureExtraction

For an automated system to distinguish between normal
subjects and subjects with retinal whitening in fundus

QOriginal Image of Patient

Red component

Green component Blue component

FIG. 9. PATIENT' S IMAGE WITH RGB COMPONENTS AFTER
OD REMOVAL
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FIG. 10. NORMAL IMAGE WITH RGB HISTOGRAM AFTER OD REMOVAL
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images, a feature set comprising various discriminant
featureshasto beformed. Thefeaturesare extracted from
the pixel values. The features have been divided into the

following categories.

Grey Level Features: Grey level features are based on
the grey scaleintensities of RGB components of the RGB

image.

Original Color Image

. Histogram of green plane

' .:e.\'
N — e
£ [ 10 20 =

Gray Levels

Color Based Features: Color based featureslike HSV.

Statistical Features:Statistical features like mean,
standard deviation, entropy and skewness.

L et U represent animage with m features, then the feature
set for each image can be defined by the feature vector v
={f,f,.f,....f }. Featuresare extracted from thefundus
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FIG. 11. PATIENT' S IMAGE WITH RGB HISTOGRAM AFTER OD REMOVAL
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image after removal of OD pixelsand dropping the lowest
10 pixel intensity values. Blue component is not
considered for feature extraction as not much discriminant
information isavailablein the blue component.For grading
of macular whitening, only the 130x130 region are
considered and the same features are computed from this
130x130 area of the image. A total of 48 features are
computed from each image. The description of featuresis
explained asunder.

° Mean of RGB components of imagef, ~f,
° Mean of upper RG regionsf, ~f,

° Std. deviation of upper RG regionsf_~f,
° Contrast of upper RG regionsf, ~f, |

° Entropy of upper RGregionf, ~f

° Entropy of lower RG regionsf ,~f ,

° Skewness of upper RG regionsf  ~f,

° Skewness of lower RGregionsf _ ~f

° Mean of HSI componentsf, ~f,,

° Std Dev of HSI componentsf,, ~f,,

° Contrast of HSI componentsf,. ~f,,

° Entropy of HSI componentsf,, ~f_

° Skewness of HSI componentsf, ~f_,

° Top 5RGB intensity values of image.f,, ~f

34 FeatureSdection

Machine learning systems employ various feature
selection methods to select a subset of features that are
most relevant for model construction. To avoid the curse
of dimensionality at the classification stage and reduce
the computational complexity of the classifier, redundant
or irrelevant features are dropped and the most relevant

features are ranked according to a particular scoring

method that reflects the discriminative power of that
particular feature. We have used t-test method [4] that
calculates p-value of the t-statistic assuming that the
means of the two classes are identical. Table 1 givesthe
results of rank test and p-value score for all the features
explained above. Classification parameters are computed
for various feature vector length and the most suitable
feature vector length is selected for all computations and

detailed results are reported for that value.

Fig. 12 showsthe boxplot of somefeaturesfor all subjects.
Fig. 13 shows the scatter plot of mean for Index value
computed for all subjects.

35 Classification

In order to classify an image as a normal image or an
image with retinal whitening, supervised learning based
classifiers are used. SVM classifier has been used for
classification of data. SVMs are supervised learning
algorithms which are very useful in separating multi-
dimensional datainto two classes. For nonlinear separable
data, we have the following equation.

d(XT)=§1yiaiK(Xi,Xj)+b M

where K(Xi,xj) is called the kernel function. Herey is
classlabel o iscoefficient and bisbiased term. Thereare
different kind of kernels that are used with SVM like
Sigmoid kernel, Polynomial kernel of degree h, and
Gaussian radial basis function kernel etc. We have used
the Radial basis kernel to train our data set due to non-
linearity present in the data and by assuming that
distribution is Gaussian. Classification is a two-step
process in which the normal subjects and patients are
classified inthefirst step. Oncethe patientsare classified,
further grading into macular or other form of whiteningis
done in the second step.
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TABLE 1. RESULT OF RANK TEST AND P-VALUE SCORE FOR ALL FEATURES

Feature Rank Score p-Value Score Feature Rank Score p-Value Score
7 6.215 0.00001 19 2.024 0.027
9 5.098 0.00021 18 1.807 0.042
24 5.029 0.00025 2 1.805 0.042
27 4.670 0.00059 5 1.805 0.042
1 4.629 0.00065 33 1.795 0.043
4 4.629 0.00065 17 1.618 0.059
n 3.814 0.00047 23 1.615 0.059
3 3.733 0.00047 20 1.592 0.062
6 3.733 0.00047 13 1.164 0.128
42 2.952 0.0036 26 1.156 0.13
43 2.783 0.0054 28 1.003 0.163
44 2.748 0.0058 35 0.995 0.165
45 2.682 0.0068 38 0.934 0.180
46 2577 0.0085 39 0.869 0.197
8 2.408 0.012 25 0.849 0.202
16 2.398 0.012 41 0.821 0.210
10 2.386 0.013 22 0.665 0.265
29 2.355 0.013 31 0.623 0.269
47 2.310 0.015 34 0.424 0.337
48 2.294 0.015 37 0.310 0.379
30 2.233 0.018 40 0.301 0.383
14 2211 0.0188 15 0.264 0.397
36 2.199 0.019 21 0.227 0411
12 2.186 0.019 32 0.107 0.457
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FIG. 13. SCATTER PLOT FOR SOME FEATURES FOR ALL COMPONENTS
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3.6 Grading

Detection of M acula: Detection of macular regioninthe
fundus image is important for the classification of
whitening region as macular or peripheral. Once the
maculaintheimageiscorrectly localized, a130x130 region
around the centre of macula is considered. The reason
for choosing 130x130 isthat the macular avascular region
in used dataset consits of asquareregion of thissize.The
process of detection of macula uses the geometry of the
OD and the presence of blood vessels. For the proposed
algorithm, we have used four features that characterize
the macula. These features include area of the macula,
distance from optic disc, mean intensity and angle with
optic disc. These features are explained as under.

Normalized Areaof theMacula(v,): Thisissimply the
total number of pixels present in the macula region
normalized with somedividing factor.

Distance from Optic Disc (v,): Euclidean distance
between OD and maculain theform of pixels.

Anglewith Optic Disc (v,): The angle between OD and
macula center along the horizontal axisin radians.

Mean Intensity (v,): Meanintensity of theregion for the
Green channel.

For the detection of blood vessels, 2D Gabor wavelet is
used on the inverted green channel of the fundusimage.
This is followed by multilayer thresholding for vessel
segmentation [22]. OD detection algorithm in [18] has
aready been explained and the same has been used for
detection of the pixels corresponding to OD. Minimum
distance classifier and Otsu’'s algorithm [23] are used to
segment the OD and the blood vessels from the fundus
image. The features computed for macular region arethen
used to segment the maculafrom the fundusimage. Using
these features and connected component analysis the
centre of the macular region is computed.

Fig. 14 shows the 130x130 macular region of one of the
images and the corresponding RGB components of the
region. Fig. 15 shows the 130x130 region and the RGB
histogram for each region. Once the 130x130 region is
segmented from the macular region, features are
calculated for thisregion using the same methodology as
explained in previous section and these features are used
for grading of the macular region as having whitening or
clear of whitening.

Grading of Retinal Whitening: In the second step, the
test samples classified as patients are further classified
into subjects with macular whitening or peripheral
whitening. SVM classifier is used with Radial basis
function for classification. Leave-one-out classification
method is used to calculate the classification results.

4. EXPERIMENTAL RESULTS AND
DISCUSSION

41 M aterial

To evaluate the performance of the proposed method, a
dataset of 22 images has been usedwhich have been

Original Image of Patient Red component

Green component

v

i

FIG. 14. MACULAR REGION AND ITS RGB COMPONENTS
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labeled by a qualified ophthalmologist. Out of the 22
images, 10 images correspond to normal subjectswhereas
12 images correspond to subjectswith someform of retinal
whitening present intheretina. Theimage dataset contains
RGB imageswith 8 bits per pixel for animageresolution
of 1536x2048. Theresolution of some of theimagesin the
dataset is different, which are re-sized to 1536x2048
resolution.The class|abels of normal subjectsand subjects
with retinal whitening are labeled by a qualified
ophthalmologist. Fig. 16 shows some of theimagesfrom
the dataset.

4.2 Results

The feature vector extracted from the images dataset
contains48 features. Inthefirst step, we definetwo classes
suchasR, = Normal subject and R, = Patient. The dataset
is divided into training data and testing data randomly
using 50% data as training data and 50% as testing data.
Thetraining data, with classlabels, isused for training of
SVM classifier using Gaussian Kernel through a
supervised classification method. Oncethe classifier has
been trained with thetraining data, testing datais used to
test the performance of the system. The same classification

Original Color Image

Histogram of green plane

[[1] 150 &0
Gray Levels

scheme is repeated using 3-folds cross validation and
Leave-one-out cross validation methods. Various
statistical performance measures are used to calculate

the results of classification (Normal or Patient).Results
fromthe classifier have been computed for top 40, 20, 10,
7 and 5 features.

FIG. 16. FUNDUS IMAGES FROM THE DATASET

Histogram of red plane
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Gray Levels

Histogram of blue plane

1w 111]
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FIG. 15. MACULAR REGION AND RGB HISTOGRAM
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For detail ed statistical evaluation, the 10 normal subjectsin
thedataset arelabeled as* 0’ and the 12 patients are labeled
as'1. Theimagesinthe dataset arefrom the AFIO (Armed
Forceslnstitute of Ophthalmology) database.The
experimentsare performed using 3 subsetsof datai.e. 50-50,
3-fold cross validation and LOO (Leave-One-Out). The
experiments are repeated 100 times for each setup to get
unbiased results. SVM classifier is used by selecting the
Gaussian Radia BasisFunctionand cal culating the value of
sigmathrough agrid search. For comparison of resultswith
SVM classifier, classification results are been computed
using k-NN classifier and Decision Treeclassifier.

Classification accuracy, sensitivity and specificity are the
performance parameters that have been calculated for the
test data set. Sensitivity istrue positive rate and specificity
istruenegativerate. Thevaluesof sensitivity and specificity
have been calculated using the following equations.

Sensitivity = TP/(TP + FN) @
Specificity = TN/(TN + FP) )
Accuracy = (TP+ FN)/(TP+ TN + FP+FN) @

WhereTP (True Positives) meaning retinal whitening
patientscorrectly classified, TN (True Negatives) meaning
normal subjectscorrectly classified, FP (False Positives)
meaning normal subjects classified as patientswith retinal
whitening, FN (Fal se Negatives) meaning retina whitening
patients classified as normal subjects, and Accuracy is
the number of subjects correctly classified in the given
dataset.

Theclassification accuracy resultsusing different feature
vector size and various classifiersare shown in Fig. 17
and Table 2. It shows that proposed system gives best
result with top 5 features. 50% trai ning dataand 50% test
datais used for all classifiers and results are averaged
over 100 iterations. The SVM (3-folds CV) results are
averaged over 100 iterations. The results for other

classification parameters using top 5 features are reported
in Table 2. SVM classifier accuracy using LOO-CV is
averaged over 100 iterations. To distinguish between
retinal whitening and other abnormalities, abnormal
features like hemorrhages, exudates and papilledema
should appear normal to this model. In order to test the
performance of themodel for other abnormalities, 5images
with hemorrhages and exudates are used to test the
performance of the classifier and all these images are
correctly classified asnormal images. Fig. 18 shows 2 of
the images used for this purpose. These images show
fundus photographs with different abnormalities other
than retinal whitening.

100 ® Decision Tree ®K-NN SVM (3-folds)
80 -
60
40
20
0 -
Features Features Features Features Features

FIG. 17. CLASSIFICATION ACCURACY RESULTS FOR
VARIOUS FEATURE VECTOR SIZE USING DIFFERENT
CLASSIFIERS (50% TRG DATA & 50% TEST DATA)

FIG. 18. FUNDUS IMAGES WITH ABNORMALITIES (OTHER
THAN WHITENING)

TABLE 2. CLASSIFICATION PARAMETERS FOR VARIOUS
CLASSIFIERS USING TOP 5 FEATURES (ALL RESULTS
IN PERCENTAGES)

Decision SVM SVM
Parameter| qree | KNN | SYM O 5 fadg | (LOO)
specifity| 70 | o3 | 8ss9 | e20
Serstviy| 39 | 8068 | 9343 | 9027
Acc | 44 | ssas | ssaa | 980 | es0
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S. DISCUSSION

The evaluation of proposed system is carried out using
different number of features and classifiersi.e. decision
tree, k-NN and SVM with different cross validation
settings. It gives best accuracy of 95% for top 5 features
and SVM using LOO settings. SVM outperformed other
classifiersdueto theinclusion of RBF kernel along with
SVM with transforms nonlinear data into a linearly
separable space. Secondly LOO proved to be best setup
in this scenario dueto less number of effected images as
compared to normal ones. We further used the proposed
model for sub grading of retinal whitening asmacular and
peripheral whitening. This grading is carried out using
macula detection as explained in proposed method. We
took 12 subjects out of which 3 subjects with macular
whitening arelabeled as‘1’ and 9 patientswith peripheral
whitening are labeled as ‘0’. Trained SVM model with
RBF kernel isused and experiments are performed using
the top 5 features with LOO-CV methodology. 100%
classification accuracy isachieved over 100 iterationsfor
thisgrading which means proposed model always graded

these 12 subjects correctly.

6. CONCLUSION

Cerebral malaria is a disease that can be detected and
properly treated if an early diagnosis is done. The
proposed Decision Support System can provide such a
benefit where an ophthalmologist isnot available. Inthis
study we propose a system for early detection and
grading of cerebral malariabased on retinal whiteningin
fundus image. This bio-marker of retinal whitening was
not used before and the results achieved from the
proposed model are very encouraging. The color and

statistical featuresfrom thered, green and HSI component

of the fundusimage provide enough discriminatory data
to achieve a classification accuracy of upto 95% on the
given dataset. The computer model generated has good
robustnessand performswell for other abnormalitieslike
exudates and hemorrhages and these abnormalities do
not affect the performance. For the grading part, all
subjectswith macular whitening were correctly identified
from the dataset containing cases of peripheral whitening

aswell.

In summary, we propose a complete computed aided
diagnostic and decision support system that is trained
on the feature set extracted from the fundus images and
very few features provide a robust and accurate
assessment of the presence of retinal whitening and the
system could beintegrated into aclinical diagnosissystem
to assist ophthalmol ogistsfor early diagnosis of cerebral

mdaia
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