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Abstract: Malaria is a deadly syndrome formed by the Plasmodium parasite that spreads through the bite of infected
Anopheles mosquitoes. There are several drugs to cure malaria but it is difficult to detect due to inadequate equipment and
technology. Microscopic check-ups of blood smear images by experts help to detect malaria-infected parasites accurately.
However, manual analysis is tedious and time-consuming as the experts have to deal with many cases. This paper presents
computer assisted malaria parasite detection model by classifying the blood smear image with hybrid deep learning methods
that have high accuracy for classification. In the proposed approach the blood smear images are pre-processed using bilateral
filtering technique in which features are extracted with the convolutional neural network. These features are selected by the
improved grey-wolf optimization, and image classification is performed with the support vector machine. To evaluate the
efficiency of the proposed technique, the NIH malaria dataset is utilized and the results are compared with existing approaches
in terms of accuracy, F-Measure, recall, precision, and specificity. The outcome reveals that the proposed scheme is accurate
and can be more helpful to pathologists for reliable parasite detection.
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1. Introduction

Malaria is the most common epidemic syndrome that
has affected a lot of people all over the world. It is a
serious health issue, causing millions of deaths every
year across many countries. According to 2019 global
malaria statistics by the World Health Organization
(WHO), 228 million infected cases have been
recounted with an expected 405,000 deceased [28]. It
is caused by a unicellular protozoan plasmodium
parasite (a small living organism) which is transmitted
by the female Anopheles mosquito [16]. When an
infected mosquito bites a human, the parasite enters the
blood and moves towards the liver for reproduction.
After growing, the parasites leave the liver, travel back
to the bloodstream, and infect the Red Blood Cells
(RBCs). It takes four different shapes in human blood
namely ring, trophozoite, schizont, and gametocyte
[27]. The symptoms are typically sensed within 10
days to 4 weeks followed by infection. Most typical
symptoms include headache, high fever, fatigue,
muscle, and joint pain, shivering, and vomiting [15,
21]. Malaria is confirmed as a vector-borne disease
that needs proper care and treatment at the premature
stage itself. Initial efficient malaria diagnosis makes it
both curable and preventable [25]. On the other hand,
many other diseases expose similar symptoms similar
to malaria. Hence, dominant diagnostic techniques are

essential for accurate detection of the Plasmodium
parasite in malaria infected patients [6].

Malaria diagnosis is regularly done manually by a
pathologist by inspecting the blood slides of patients
through a microscope. Microscopic testing is termed as
the gold standard procedure because of its popularity
and reasonable price [21]. The screening process is
performed by keeping the blood cells under the
microscope for detecting the infected cells. The blood
smear masses are usually thick due to fusion with
multiple blood slides [16]. When a blood cell gets
infected, the cell texture varies over time and becomes
difficult to distinguish between healthy and unhealthy
samples [18]. Multi-view investigations of blood smear
imageries offer a high chance for detection.
Nevertheless, this is found to be tedious and time-
consuming since pathologists have to analyze a large
volume of cases [10, 19]. The growing need for
inspection and limited number of pathologists have
resulted in severe health issues both socially and
economically. Moreover, manual diagnosis is not
standardized and it is error-prone with low-resolution
images which in turn lowers the accuracy of detection
[16]. To overcome these disadvantages, automated
microscopic blood smear image analyzing techniques
are introduced in [1, 21]. It provides the following
advantages:
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1. It is standardized and provides more reliable
information of blood films.

2. It permits more patients to be served by decreasing
the workload of pathologists.

3. It can decrease the cost for diagnosis.

In the past few years, significant improvements have
been made in the field of automated malaria diagnosis
[5, 17, 30]. Particularly, the involvement of machine
learning algorithms for automatic detection through
microscopic imageries of stained blood cells can evade
human error during analysis in [2, 15]. Different
machine learning approaches like an artificial neural
network, Naive Bayes, k-nearest neighbor, Support
Vector Machine (SVM), etc., are employed for this
purpose. These techniques investigate the color
features, contour dimension, and statistical attributes
for grouping the RBCs that are infected with malaria
[7]. Digital holography [4], phase
spectroscopy/microscopy, refractive index
tomography, and optical diffraction tomography [8] are
some of the quantitative imaging tools utilized for
capturing information about the blood cells. Even
though efforts are being made for automatic diagnosis
with morphological attributes, the overlapping color
intensity makes it hard to categorize the infected cells.
In addition, bulk cases and low-resolution imageries
reduce the quality of manual analysis and are more
complex to detect the illness via traditional approaches.
These drawbacks can be resolved by implementing
deep learning-based algorithms [26]. In this paper, an
automated malaria parasite classification model is
designed with the integration of hybrid approaches.

The main contributions of this paper are given
below:

1. With the integration of hybrid approaches, an
automated malaria parasite classification model is
proposed in this paper. The proposed classification
technique includes many stages such as image pre-
processing, feature extraction, feature selection, and
image classification.

2. To pre-process the blood smear images, a bilateral
filtering technique is employed. The pre-trained
convolutional neural network is used to extract the
features since it extracts all the features
automatically from the image without any human
interference. It requires fewer parameters, training is
easy and computationally more effective as
compared to other techniques. A novel feature
selection technique named the improved Grey-Wolf
Optimization (GWO) algorithm is used to reduce
the higher dimension of features. To improve the
performance of GWO based feature selection, the
levy flight algorithm is integrated with the GWO. In
the last step, malaria parasites are classified into
uninfected cells and parasitized cells using an SVM
classifier.

3. The performance of the proposed automated malaria

detection model has been examined on a publicly
available malaria dataset and compared with
existing approaches such as in terms of accuracy, F-
Measure, recall, precision, and specificity. The
performance of the proposed SVM classifier for the
various feature extraction techniques like Visual
Geometry  Group-16  (VGG-16), VGG-19,
GoogleLeNet, and AlexNet are compared with
Naive Bayes (NB) and K-Nearest Neighbor (KNN)
classifiers. The performance of the SVM classifier
is evaluated for various kernels such as sigmoid,
polynomial, linear, and Radial Basis Function
(RBF). The performance of the proposed feature
selection technique is compared with an existing
algorithm like Cuckoo Search Algorithm (CSO),
Particle Swarm Optimization (PSO), and GWO in
terms of convergence curve.

The remainder of this paper is structured as follows.
The literature review on existing machine learning-
based malaria parasite detection models is discussed in
section 2. Background information about the hybrid
algorithms employed in the proposed technique is
briefed in section 3. The proposed method is
elaborated in section 4. Results and discussions are
presented in section 5. Finally, this paper is concluded
in section 6.

2. Literature Review

Jan et al. [6] a review on automated malaria diagnosis
was conducted with microscopic blood smear images.
Various improvements in the domain of computer-
aided diagnoses such as image normalization,
segmentation, feature extraction, and classification are
analyzed to address the existent challenges. It includes
human error in blood slide preparation and microscope
observation, noise formation during scale adjustment
and color normalization, improper segmentation to
distinguish RBCs from other stained objects. The
authors stated the following suggestions:

1. Image acquisition from different spectral views
helps to extract more meaningful details.

2. Segmentation must be limited to an extent that
allows efficient image processing without contrast
adjustment or over enhancement.

3. Proper counting algorithms are required to count
overlapped cells.

4. Improvised classification methods can correctly
classify infected cells and identify their life-stage
via optimal attributes. In [25] computer-aided
automatic plasmodium parasite detection was
presented from microscopic blood images. In this
technique, bilateral filtering is applied for noise
removal and image quality enhancement. Malaria
parasites inside the blood cells are detected through
the combination of adaptive thresholding and
morphologic image handling processes.
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Experiments are conducted on NIH malaria publicly
available dataset and the performance is compared
with similar existing methods [3]. The detection
accuracy is found to be higher than 91%. However,
it wrongly classified non-parasitic cells as parasitic
since some images are degraded because of high
noise or poor acquisition quality. In some cases, the
visuals of parasitic cells are diluted on pre-
processing or adaptive thresholding resulting in
missed detection.

Singlaa and Srivastava [24] a rapid, robust, and fully
automatic malaria classification framework was
developed with a small number of labeled datasets. It
classifies different stages of malaria with a pre-trained
Convolutional Neural Network (CNN) incorporated
with a multi-wavelength spatial coherence microscope.
This microscope can enlarge the size of the sample
which is supportive for automated cell classification
with deep learning algorithms. The performance is
compared with numerous pre-trained CNNs and
proved to outperform the existing ones with less
computation complexity. Nonetheless, the absence of a
segmentation approach limits its application for
samples with overlapped RBCs. The blood images to
detect malaria with filtered edges and classifiers are
analyzed in [13]. Median filters are applied to eradicate
noise and smooth the edges of images. The
abnormalities present in the blood cells are identified
through feature vectors such as form factor, roundness
measure, shape, count of RBCs, and parasites. Finally,
the SVM classifier partitions the infected blood cells
from normal blood cells. The initial pre-processing and
feature extraction steps are performed according to the
behavior of normal and malaria-infected cells. The
classification task is compared for two algorithms
namely Artificial Neural Network (ANN) and SVM in
which ANN outperformed the SVM classifier with
94% accuracy.

An integrated screening approach for automatic
prediction and categorization of malaria-parasite
infected RBCs is offered in [11]. Each blood cell
present in the image is segmented via a pixel-by-pixel
segmentation strategy [12]. Then, a probability map is
generated for the segmented image using a pre-trained
ANN classifier. This map is later post-processed to
create cropped RBC image set. At last, a capsule
network classifier is employed to classify the
segmented cells according to the species and stages of
the parasite. It has provided high accuracy and can be
useful for the automatic diagnosis of any kind of
pathological illness. An automated smartphone
operable malaria parasite detection model working
under deep learning algorithms is established in [29]. It
is modeled with two processes in which an intensity-
based iterative global minimum screening process is
applied to find the parasitic candidates from thick
smear images. Then, a customized CNN is utilized to

classify the candidates as either parasite or non-
parasite. This technique is evaluated in terms of
different performance metrics and proved to obtain
promising results. It can be more useful in areas
lacking experienced parasitologists. Even though a
significant number of researchers have been trained for
malaria parasite detection, it is still challenging to
afford highly accurate classification. Hence, major
enhancements are needed to accomplish the
expectation of pathologists especially to lessen the
complications encountered on manual analysis.

3. Preliminaries
3.1. Image Pre-Processing

Due to the difficulties faced on the acquisition, the
images may look low intense, poor, polluted with
noise, and so on. These irregularities can be removed
by pre-processing the original images with common
filtering approaches. The main role of pre-processing is
to eliminate the presence of noise and to increase the
visual image quality. It is the foremost process of any
image processing application since the forthcoming
stages depend purely on the quality of input images.
For instance, the average filter is an eminent blurring
filter that suppresses different noises (like Gaussian
noise, Uniform noise) in digital images. In the
proposed approach, sensing the boundary of parasites
in the blood cell is essential whereas blurring the low-
resolution image could deteriorate it causing
misinterpretation in parasite identification. Therefore, a
bilateral filter that eliminates the noise but preserves
the image edges is adopted in this paper. The main
advantage of the bilateral filters is unlike traditional
filters which consider only the spatial distance;
bilateral filters take into account the range differences
(i.e., intensity or color variations) as well. Bi-lateral
filters are non-linear filters whose weights depend on
the contents of the original image to preserve the
quality of image edges. Moreover, the computation
overhead of bilateral filters is lower compared to
traditional filtering schemes.

3.2. Feature Extraction

Feature extraction is a major task in pre-processing that
extracts the relevant data from the images. The
phenomenon of representing the images in non-visual
form is termed feature extraction. It is a crucial phase
in several computer vision and image processing
applications as it makes the conversion from pictorial
to non-pictorial data illustration. The parasitic and
other stained elements are flexible substances with
enormous changes in size, shape, and morphologies.
The color feature is beneficial but it is not enough to
differentiate other stained objects and Plasmodium
parasites within same as well as dissimilar species. The
features that show leading variances amongst normal
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and infected cells are recognized as the feature set.
Many researchers have recounted both geometric and
texture features for labelling the stages of malaria
infection. The convolutional neural network is adopted
to perform feature extraction in this paper. It is a multi-
layer perceptron feed-forward neural network
comprised of a convolutional layer, a pooling layer,
and a fully connected layer. CNN can extract minute
features from the images that are adequate for proper
classification. The convolutional layer consists of a
number of feature planes connected with several
neurons in rectangular form. Neurons in the same
feature planes share same weights which reduce the
risk of overfitting between connections. The
convolutional layer does convolutional operations on
the spatial positions of the entire image to create
feature maps. The pooling layer down samples the
feature maps to reduce dimensional complexity and to
enhance the generalization of the model. The fully
connected layer carries out feature extraction based on
the learning process. The convolutional layer and
pooled layer alternately undergo forward as well as
backward propagation during the training process.

3.3. Feature Selection

The key difference between feature extraction and
feature selection processes is that feature extraction
combines the original features and generates a new
feature set where feature selection creates a subset
from the original features. Feature selection is termed
as dimensionality reduction technique where
appropriate features are picked and inappropriate or
redundant features are discarded. This will reduce the
input dimension which in turn increases the

Dataset Image Pre- Feature
| | processing | Extraction
Malaria > >
Microscopic || | Bilateral Lo Convolutional
Images Filtering Neural Network

model complexity or by improving the generalization
capability and prediction accuracy. The process of
selecting suitable features can also lessen the
measurement cost and increase the knowledge about
the problem. Due to these benefits, feature selection
techniques are actively employed in real-world
applications typically for regression and prediction
problems. On the other hand, one of the most
productive areas emerging in feature selection
application is the medical field, where the aim is not
only limited to dimensionality reduction but also to
decrease the cost involved in extracting information
from images and understanding the causes behind
dissimilarities in disease diagnosis among image-
analyzing experts.

3.4. Classifications

The classification process of automated malaria
diagnosis is mostly adopted to predict whether or not a
blood cell is affected by the malarial parasite. Support
vector machine is implemented in the proposed work
for pathological or non-pathological cell classification.
It is a supervised learning process that uses labeled
training sets to train the classifier for precise disease
prediction. The main goal of SVM is to generate a
decision boundary called hyper-plane to segregate the
features into different classes [22]. However, the
decision boundary is termed as the best if it performs
better classification even with new features in the
future. In this work, SVM is implemented with four
types of kernels such as Radial Basis Function (RBF),
linear, polynomial, and sigmoid.

Feature

Classifier Image Classification

Selection ‘
. Support
LSVY'lz/l\;glllft —> Vfcrior Pathological or Non
rey-Wo i
Optin};ization Machine - Pathological

Figure 1. Block diagram of the proposed malaria disease classification mode.

4. Automated Malaria Parasite Detection

The proposed malaria disease classification model uses
digital microscopic imageries that are captured from
stained blood cells as the source image. The main
objective is to differentiate the images into whether
infected with parasites or not. The main processes of
the proposed method are shown in Figure 1.

4.1. Bilateral Filtering

The main concept behind bilateral filter is the two-
pixel notion in which each pixel is assumed to be near
one another not only if existed in adjacent positions but

also because of their similarity in the photometric
distance. The use of intensity variations for edge
preservation is the main benefit of a bilateral filter. The
weighted addition of the pixels in a local neighborhood
is estimated and its mean is utilized for changing the
neighboring pixel. The outcome of the bilateral filter
for a random pixel x is expressed as in Equation (1).

Lx=p)= Wipzqesmnp —alDf (b, — 1)1, (1)

This is the normalized weighted mean in which p and q
are pixel coordinates. S characterizes the spatial
neighborhood of Ix(x). gs is a spatial Gaussian that
decreases the impact of distant pixels. The range
Gaussian f, decreases the impact of pixel q if its
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intensity rate varies from the intensity value of pixel p.
I, and Iq are intensities of pixels p and q respectively.
W, is the normalization parameter determined as given
in Equation (2).

W, = Saes 9:(lp — alD (I — 1) (2)

Where p and q are the coordinates of pixels, gs depicts
the spatial kernel for smoothing the difference between
coordinates. S denotes the spatial neighborhood of
Ix(x). Assume a pixel with coordinates (i, j) which is to
be denoised with a bilateral filter and let (m, n) be the
adjacent pixel co-ordinate. The weight to be allocated
to pixel (m, n) to denoise the pixel at (i, j) is evaluated
using Equation (3).

_ E=m)®+G-n)® III(i,J')—I(m.n)IIZ) (3)

Zad2 err2

w(i,j,mmn) = exp(

Here, I(i, j) and I(m, n) are intensities of pixel and oyq
and o, are the smoothing factors that control the
function of the bilateral filter. Further, o4 and o
respectively denotes the spatial and intensity domain
nature of the bilateral filter. If the rates of o4 and oy is
increased, the significant attributes in the image get
smoothened. Therefore, it is critical to deal with the
initialization values of control parameters. The values
of or varies with the variation of noise whereas the
values of o4 do not vary much with the variation of
noise. Deciding the values of o4 and o, for each image
is difficult as it considerably influences the functioning
of the bilateral filter.

4.2. Feature Extraction with CNN

When an image is put in, the convolution layer
performs processing each pixel x withan activation
function given in Equation (4).

xt=fWix' +bY) 4)

Where | denotes the number of layers, f indicates the
activation factor, W, and b represent the weight as well
as the bias of neurons. During forward propagation, a
learnable convolution kernel is used to convolve the
feature maps of the preceding layer. This gains a new
feature map that supports the activation function given
in Equation (5).

x1l‘L = (ZmEM" Xrln_l * kinn + leL) (5)

The present layer linterpreting the preceding layer I-
ldemonstrates the first feature map of the present
layer. x, denotes the n convolution kernel for the first
feature map of the present layer. The first feature map
of the n previous layer, b} is an offset value. The
output of the down sampling layer is determined as
shown in Equation (6).

xb = f(Bidown(x™) + bL) (6)

Where, down indicates the downsampling factor, b}, is
an offset value. x, denotes the n convolution kernel for
the first feature map of the present layer. The
computation overhead on feature extraction is

simplified by reducing the dimension of feature maps
and feature compression.

4.3. Levy-Flight Grey-Wolf Optimized Feature
Selection

The mathematical modeling of GWO for the problem
to be solved is initiated with the social hierarchy and
hunting process of grey wolves as deliberated below.

o Initialization: the social hierarchy of GWO is
modeled by initializing three parameters such as the
fittest, the second fittest, and the third fittest
respectively mentioned as alpha (a), beta (8) and
delta ().

e Prey Encircling: the prey encircling procedure is
mathematically formulated as given in Equations
(7), and (8).

S, = |a.x, (t) — x(2)| (7
x(t +1) = x,(t) = b.5, )

Where, Ss defines the stepsize of a greywolf. x,(t) and
x(t) are t" iteration positions of prey and a grey wolf
respectively. a and b are the coefficient vectors
estimated as given in Equations (9) and (10).

b=2cr —c (9)
a=2r1, (10)

Where, r; and r; represents the random vectors in the
range [0,1]. The factor ‘C’ linearly decreases from 2 to
0 over each iteration. This factor is applied to regulate
each step-size of a grey wolf.

¢ Hunting: the hunting process is directed by alpha
and facilitated by beta and delta. This behavior is
simulated by applying the first three best solutions
(a, Fand ¢) of iteration on remaining search agents
to update their locations as shown in Equations (11),
(12), and (13).

Sow =[G T -3l Swp = [@TG—i Swe = @5 -7 (11)

G=% b)) %=%-b.Cqp) %H=%-b(S) (12)
X+ X, + %3

e+ =2TnTh (13)

3
Where the coefficients a;,a;,a; can be calculated
using Equation (10). The coefficients?{,b_z)and Ecan
be calculated using Equation (9). The step size of a, £
and &'wolves are represented by S;(q), Ss(p) and Sg(s)
respectively. The final updated position is represented
by ¥(t + 1). The position of @, g and & wolves are
represented by x7, x, and x5 respectively.

e Attacking the prey: the grey wolf hunting behavior
is stopped after catching the prey and staying in the
same position without moving forward. This
concept is realized by lowering the value of ‘b’ in
Equation (8) which depends on ‘C’. As discussed in
prey encircling, the value of ‘¢’ is linearly reduced
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from 2 to 0in search space exploitation while very
few explorations might lead to local optima traps.

e Searching for prey: the rate of ‘b’ is deliberated
either more than +1 or less than -1 to improve the
deviation behavior of GWO. This will enhance the
exploration ability of GWO. Moreover, the rate of
‘a’ takes a random number in all iterations denoting
better exploration not only on early iterations but
also the last iterations.

e Trade-off: exploration and exploitation are the two
significant characteristics of an optimization
approach. The better trade-off between these two
parameters helps in attaining precise results by
avoiding the trap of local optima. The step size of
the search agent linearly drops with iteration which
in turn is controlled by a variable ‘b’. However,
GWO traps into local optima before reaching the
final iterations due to poor convergence. Hence, the
value ‘b’ is adjusted using levy-flight that improves
the capability of exploration and exploitation at the
same time. Levy-flight uses the levy probability
distribution function, also called the power-law
function for evaluating the jump size. The
mathematical expression of Levy distribution is
exposed in Equation (14).

L(,D, H'(p) = {\/:Ln exp [Z(PM_«))] (p_l(p)% if 0<p<e (14)

0 ifp<0

Where p, u, and ¢ are parameters that describe sample
collection in the distribution, scaling factor, and
position controller respectively. In the proposed model,
the factor ‘b’ is adjusted via levy-flights as mentioned
in Equation (15). This influences the factor to take its
values based on levy-flight distribution instead of
linear reduction.

b =LEVY (P) *1, (15)

Here, P denotes the position of wolves and r; is a
random vector. The parameter ‘b’ adjusted through
levy-flight can simultaneously balance the local as well
as global search behavior of GWO.

4.4. SVVM based Classification

SVM is used to determine an optimal margin (hyper-
plane) from a set of dissimilar planes that finely
separates the features belonging to two different
classes. The detection process is seen as a binary
problem where +1 specifies the presence of a defect
(i.e., unhealthy cell) whereas -1 specifies the absence
of any defects (i.e., healthy cell). Consider a vector Xm
€ X of length I, where X is the time-domain and | is the
number of features selected for classification. Let us
consider an identifier vector y €{-1, +1}. The hyper-
plane used for separation is defined as: w'x + b=0. This
is formulated with the following two cases given in
Equations (16), and (17).

wix+b>0 if y,=+1 (16)

wix+b<0 if y;=-1 (17)

Where w represents the weight vector and b is the bias
weight.

5. Experimental Analysis

An automated malaria detection model must perform
the tasks like image acquisition, pre-processing, feature
extraction, feature selection, and classification. The
proposed method is designed in this manner to
differentiate the parasitic blood cells from non-
parasitic blood cells. The implementation is carried out
on MATLAB software running on Windows operating
system. Additionally, the performance is compared to
existing techniques in different forms like feature
extraction, feature selection, and classification. The
experimental evaluation is conducted on a publicly
available microscopic image dataset. The blood smear
microscopic image datasets used for analysis are
publicly available at
https://ceb.nlm.nih.gov/repositories/malaria-datasets/.
Itis a large dataset where some are shown in Figures 2,
and 3. With equal instances of uninfected and
parasitized cells, the dataset contains a total of 27,558
cell images. To segment and detect the red blood cells,
a level-set-based algorithm was applied. The first step
of image processing is pre-processing to eliminate any
noise present in the images before proceeding to the
next steps. In this paper, the images are filtered
through bilateral filtering which produced high-quality
images essential for accurate parasite detection. The
parameters of the SVM is selected based on the
training and testing process. The classification
accuracy is considered as the selection criteria. The
experiment is carried out for 25 runs with various
parameter and kernel. The parameter values
corresponding to the best output is selected as the
parameters of the proposed model. Table 1 shows the
initial parameters of the optimization algorithm. Based
on the recommendation from above-mentioned
existing works, these parameters are chosen.

Table 1. Parameter setting for optimizer.

Algorithm Value
€1,6,=2,
PSO w,=0.9,
w,;=0.2
CSO p,=0.25
GWO a=2
LFGWO a=2, p~U(0,1)
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Figure 2. Sample microscopic images of red blood cells without parasites.
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Figure 3. Sample microscopic images of red blood cells with parasites.

The comparative analysis of different feature
extraction methods such as VGG-16 [23], VGG-19
[23], GoogleLeNet [9], AlexNet [31], and CNN used
for malaria detection with classifiers like NB [20],
KNN and SVM are listed in Table 2. It analyses the
parameters such as accuracy, F-Measure, recall,
precision, and specificity. These parameters can be
calculated as shown by Sonibare et al. [25]. It can be
observed that the proposed classification method has
obtained significant results than existing methods in
terms of all parameters. The main benefit of SVM is
due to its fast learning rate with excellent
generalization capability. The Receiver Operating
Characteristics (ROC) curve analysis of malaria
detection model for different classifiers with CNN as
feature extraction is shown in Figure 4. The solid and
legitimate region under ROC is generally termed as the
Area Under the Curve (AUC). From the AUC of CNN-
SVM, it can be noted that the proposed method
produced better outcomes for positive cases rather than
negative cases. The convergence curve of the proposed
levy flight-based GWO feature selection technique is
compared with existing approaches such as Cuckoo
Search Algorithm (CSO), Particle Swarm Optimization
(PSO), and GWO [14]. Moreover, levy-flight GWO
reached faster convergence within 100 iterations as
shown in Figure 5.
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Table 2. Comparison between feature extraction methods with
different classifier models.
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Feature Extraction
Methods VGG-| VGG- GoogleLeNet| AlexNet Proposed
16 19 CNN
Parameters
NB Accuracy | 79.68 | 84.69 81.20 84.95 87.30
classifier F-Measure | 73.14 | 79.30 80.09 74.28 81.29
Recall |82.54 | 79.36 79.85 78.64 87.39
Precision | 83.21 | 77.94 83.75 85.21 89.36
Specificity | 82.22 | 85.94 81.17 86.29 89.55
Accuracy | 84.36 | 89.14 89.58 84.15 89.47
KNN F-Measure | 81.47 | 86.89 85.36 81.67 84.77
classifier Ret_:a_ll 80.21 | 88.45 87.63 80.00 93.67
Precision | 75.34 | 89.62 80.97 83.68 90.78
Specificity | 81.69 | 87.54 86.24 80.36 90.19
Accuracy | 89.21 | 93.13 86.27 82.15 94.00
SVM F-Measure | 87.05 | 91.66 83.68 77.84 93.75
classifier Ret_:a_ll 82.14 | 83.74 80.36 76.48 89.36
Precision | 84.47 | 89.95 81.56 78.04 97.00
Specificity | 88.81 | 92.92 86.51 85.19 97.00
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%10"\:
M
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Figure 5. Convergence curve of levy-flight grey-wolf optimization.

Different parametric comparison of SVM classifier
for detecting the parasite-infected cells with RBF,
linear, polynomial, and sigmoid kernels is summarized
in Table 3. The accuracy and F-score are respectively
94% and 93% with RBF kernel; both are less than 85%
for remaining kernel functions. The precision factor is
more than 80% for all the kernel functions. This
demonstrates that the proposed classifier is reliable and
efficient in detecting malaria parasites from
microscopic blood smear images. The possible
outcomes of the classifier are defined based on a
confusion matrix as shown in Table 4. It includes True
Positives (TP), True Negatives (TN), false positives
(FP), and False Negatives (FN). The true positives
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signify the infected cells detected without error and the
true negatives represent the uninfected cells that are
correctly detected. Similarly, false positives denote the
uninfected cells wrongly detected as infected and false
negatives indicate the infected cells wrongly classified
as infected. The confusion matrix obtained for different

kernels of the SVM classifier is given in Figure 6.
Likewise, the ROC analysis of different kernels is
represented in Figure 5. It can be observed that the
RBF kernel of SVM has produced better results on
pathological or non-pathological cell classification.

Table 3. Parameter analysis for different kernels of SVM classifier

SVM kernel functions|Accuracy|Precision | F-measure |Specificity MCC | Error | Kappa | FPR
RBF 0.9400 | 0.9700 0.9375 0.9700 |0.8866 | 0.0600 | 0.8802 |0.0300

Linear 0.7600 | 0.8444 0.7600 0.9444 |0.5354 | 0.2400 | 0.5248 |0.1556
Polynomial 0.8300 | 0.8667 0.8211 0.8800 |0.6633|0.1700 | 0.6600 |0.1200
Sigmoid 0.7200 | 0.8043 0.7255 0.7955 |0.4543 |0.2800 | 0.4453 |0.2045

Table 4. The general form of the confusion matrix.

Parasitic Non-parasitic

(infected) (uninfected)
Parasitic (infected) TP FN
Non-parasitic (uninfected) FP TN

Accuracy: 94.00%

100.0%
45
89.1%
49
2

Target Class

True positive rate (Sensitivity)
Output Class

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 09 1 1
False positive rate (1-Specificity)

a) ROC and Confusion matrix of SVM classifier with RBF kernel function.

Accuracy: 76.00%

Output Class

0 0.1 02 03 04 05 0.6 0.7 0.8 09 1 1
False positive rate (I-Specificity)

b) ROC and Confusion matrix of SVM classifier with Linear kernel function.

Target Class

Accuracy: 83.00%

Output Class

0 0.1 02 03 04 05 06 0.7 0.8 09 1 1
False positive rate (I-Specificity)

¢) ROC and Confusion matrix of SVM classifier with polynomial kernel function.

Target Class

Accuracy: 72.00%

Output Class

0 0.1 02 03 0.4 05 06 0.7 0.8 0.9 1
False positive rate (1-Specificity)

d) ROC and Confusion matrix of SVM classifier with Sigmoid kernel function.

Figure 6. Analysis of SVM kernel with ROC (left column) and
confusion matrix (Right column).

Target Class

6. Conclusions

This paper presents an automated malaria parasite
detection model from microscopic blood smear

images. The bilateral filtering technique is used to pre-
process the blood smear images that technique is rarely
explored in the existing medical image processing
approaches. The convolutional neural network adopted
for feature extraction minimizes the overall risk of
domain expertise with multiple processing layer.
Furthermore, a novel feature selection technique based
on the integration of levy-flight and the grey-wolf
optimization algorithm is used to select the significant
features. The performance of the proposed model is
examined using a standard malaria dataset comprising
a vast range of images with healthy and unhealthy
blood cells. The performance of the proposed feature
selection technique is compared with the existing
techniques such as Cuckoo Search Optimization
algorithm, Particle Swarm Optimization, and Grey
Wolf  Optimization. The proposed  method
outperformed the existing methods taken for
comparison with an accuracy of more than 90%. From
the experimental results, it can be known that the
proposed model is effective in malaria parasite
classification. In future work, the classification
performance will be improved with various
optimization algorithms.
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