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ABSTRACT

Malaria is a dangerous viral disease caused by Plasmodium protozoan parasites that are spread by
the bite of an infected female Anopheles mosquito. This pandemic disease's fast and precise identification
is essential for effective treatment. The most reliable method for diagnosing malaria is a microscopic
examination of a thick and thin blood smear, which looks for the parasite and counts the number of infected
cells. The ability to wholly or partially automate the identification of the disease using the information in
medical images highlights the critical role that computer-aided diagnosis plays in modern medicine, in
which machine learning and deep learning play a critical role. In this study, we have presented an in-depth
overview of the techniques and methods used to diagnose the malaria parasite through blood slides
automatically. One of the techniques is using transfer learning models to detect the malaria parasite. We
have compared the performance of transfer learning models on identifying infected malaria cells by feeding
the models a large dataset of uninfected and parasite cell images. The results show that the DensNet models
have the edge over the other models, with DenseNet-201 achieving the highest accuracy and F1 score of
0.9339 and 0.9321, respectively. Also, DenseNet-169 outperformed the other models with 0.9594 in
precision, and finally, Densenet-121 had the highest recall with 0.9490.

KEYWORDS: Malaria, Blood smear, Machine learning, Deep learning, Tranfer learning.

1 INTRODUCTION

Malaria is a potentially fatal disease that has spread in many parts of the world. The bites of female

anopheles mosquitoes spread it, and the red blood cells are where most malaria parasites live. The stained
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blood elements, such as parasites, RBCs (Red Blood Cells), and WBCs (White Blood Cells), are separated.
The obtained stained elements are then positioned under a red blood cell mask to separate any possible
parasites. The World Health Organization states that every year a total number of 300-500 million malaria
cases are reported [1]. Any four parasitic species of Plasmodium are responsible for this: malaria,
falciparum, vivax, and ovale. In order to diagnose the current state of the disease, Visual microscopic
examination evaluation of Giemsa stained blood smears is the most widely used technique[2]. In today's
world, in addition to political efforts and biomedical research, recent advances in information technology
have played a crucial role in many attempts to combat the disease. In particular, an early malaria diagnosis
has been one of the factors that have led to a mortality reduction. Many techniques varying from image
analysis software to machine learning algorithms, were utilized by working on microscopic blood slides to
detect parasitemia in order to have a better diagnosis performance. New developments in image processing
and artificial intelligence for microscopic malaria detection are discussed, and an overview of these methods
is provided in this article. We review the numerous methods for automated cell classification described in
the literature, including those for image preprocessing, imaging, cell segmentation, parasite detection,
feature calculation, and automatic cell classification. This research has compared the Transfer Learning
models' performance in detecting malaria parasites, one of the deep learning techniques.

2 LITERATURE REVIEW

There are several methods for diagnosing malaria, such as the cost of a test, specificity, sensitivity of
the approach, user skill level, and time per test, which are all significant factors. Furthermore, as a
prognostic indicator, it is helpful to count the total amount of infected red blood cells [3]. The collection of
digital images of blood smears is usually the first step. This step is highly dependent on the materials and
equipment used. The image acquisition section describes the various types of microscopies, blood slides
(thin or thick), and staining are described. After the image acquisition, in order to normalize lighting,
remove noise, and staining process, in the image acquisition where colour variations are inherent, most
systems employ one or more pre-processing approaches. Based on the methods used, the pre-processing
section organizes the publications. Usually, the next step is the segmentation (outlining) and detection of
the blood cells, and any other objects shown in the blood slide image, including parasites or platelets.

In many articles, cell segmentation is preceded by a set of features computed mathematically to
describe the segmented objects and their visual appearance. Giemsa, the most commonly used stain in
practice, has been adopted by thin and thick smears. Even though excellent results for malaria parasites are
provided by stains such as Leishman, for routine malaria diagnosis, Giemsa remains the best all-around
stain. However, its disadvantage is that it is relatively expensive, but the long-term stability and consistency

have outweighed this factor [4-6]. There has been much variety in work done in this field. Nonetheless, a
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series of essential processing stages may be used as a guideline by the systems that automated cell
microscopy often incorporates. As a result, the following subsections will each concentrate on a single
element of the processing pipeline. The first phase often involves taking digital pictures of blood smears,
which is highly dependent on the tools and supplies used. In the image capture section, many approaches
for various types of microscopies, blood slides (thin or thick), and staining are discussed. Most systems use
one or more preprocessing techniques after acquiring images to reduce noise and standardize illumination
and color variances brought on by the image acquisition and staining processes. The papers are arranged in
the preprocessing section according to the techniques used.

The following stage often entails identifying and segmenting (outlining) individual blood cells and
other elements, such as parasites or platelets, that may be seen in a blood slide picture. All segmentation
techniques used to diagnose microscopic malaria are summarized in the section headed Red blood cell
detection and segmentation [5,7-11]. Most systems use one or more preprocessing techniques after picture
acquisition to reduce noise and standardize illumination and color variances brought on by the image
acquisition and staining processes. The papers are arranged in the preprocessing section according to the
techniques used.

The last phase often entails the identification and segmentation (outlining) of specific blood cells as
well as any other items that may be seen, such as parasites or platelets in a blood slide picture. All
segmentation techniques that have been utilized to diagnose microscopic malaria are summarized in the
section, such as Binocolor microscopy, Polarized microscopy, Fluorescent microscopy, Serial block-face
scanning electron microscopy (SBFSEM), Image-based cytometer, SightDx digital imaging scanning, Fiber
array-based Raman imaging, Multi-spectral and multi-modal microscopy, Scanning electron microscopy
(SEM), Quantitative cartridge-scanner system, Quantitative phase imaging (QPI) and Sub-pixel resolving
optofluidic microscopy (SROFM) [12- 17].

There are also several approaches when it comes to analyzing images of digital blood slides
automatically, which have adopted the preprocessing process and been applied to reduce the variation of
unnecessary duplicated images in this process and enhance the quality of the image. Noise removal, staining
correction, contrast adjustment, and lighting, are the three main goals. Popular filters like Gaussian low-
pass filtering, mean and median filters have historically been the most frequently used methods for noise
reduction. Furthermore, using morphologic processes is quite common. The most often used methods for
contrast enhancement, in particular, techniques for contrast stretching, histogram equalization, and color
normalizing, are utilized for differences in lighting and staining, including the widely used grayscale colors
[18-23].

Understanding red blood cell identification and segmentation is crucial. Most of these methods

include thresholding, including Otsu thresholding in conjunction with morphologic processes. However,
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it's possible that the relative simplicity of these procedures is what makes them so dominant rather than
their higher performance when compared to other approaches. Other techniques include unsupervised k-
means pixel clustering and the Active Contour, which makes assumptions about the morphology of blood
cells.

Appropriate cell segmentation is required for the precise parasitemia to be calculated. However,
recognizing and separating the individual cells can be challenging when touching cells. To overcome this
problem, many techniques, such as watershed and active contours, are useful [24-30].

Feature extraction and selection, the appearance of uninfected and infected red blood cells in thin
smears is described by a variety of characteristics in the literature. Naturally, color aspects are most natural
and are, in fact, employed by many articles since parasites have been stained. Additionally, the inside of
red blood cells has been described using a variety of morphological and textural characteristics. It is
speculated that these qualities may cause infected cells to seem to be normal, even down to the ring
structures and the obvious cytoplasm. Most of the features are tried and reliable implementations that have
been used in other, sometimes non-medical contexts [8,13,25,31-35].

Almost all classification techniques that have gained popularity over the past ten years have been
used to detect malaria, from simple artificial neural networks and decision trees to random tree classifiers
and support vector machine. But in a very small number of studies, classification methods have been created
expressly for cell differentiation or parasite identification. The interaction of segmentation, features, and
classification is where much of the domain knowledge pertaining to malaria is found. The assessment of
the performance of the reported system can be quite difficult. The devices' performance was assessed using
blood slides with widely varied settings for image collection and slide preparation. to make it possible to
comment on the system's overall performance. There is currently no modest or big publicly accessible
image benchmark collection that might be used to compare systems fairly. Because of this, even though
many publications describe having relatively excellent performance, in our survey article we would rather
not compare these metrics.

The runtime efficiency and accuracy of the processing pipeline may be shown to be in trade-off with
one another. A technique's computational complexity often rises along with its accuracy. For cell
segmentation, for instance, complex level-set techniques outperform Otsu thresholding, albeit at the cost of
a longer runtime. The efficiency of the system can also be impacted by feature computation. In order to
decrease feature dimensionality and eliminate non-discriminatory traits, some publications use feature
selection techniques. This can increase accuracy and productivity. Finally, the employed classification
architecture affects how quickly cells may be classified. For instance, a support vector machine's
classification process is substantially quicker than a deep neural network. Even though many publications

do not provide runtimes for their systems, we believe that, with some implementation optimization, the
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majority of the listed systems would complete their tasks far more quickly than a microscopist, if not by a
factor of ten [36,37].

Deep learning, the latest machine learning technique, has already shown promising results in many
fields other than medicine. The popular multilayer neural network classifiers learned by back-propagation
can be seen as an extension of deep learning but with many more layers. In conventional successions, many
types of strata are also employed. Large training sets are often necessary for deep learning. Due to the
difficulty of obtaining annotated training pictures due to the need for specialist knowledge and privacy
considerations, deep learning is utilized by medical applications. After using a traditional level-set cell
segmentation method, Liang et al.'s [38] are the first to use deep learning to diagnose malaria. They employ
a convolutional neural network to distinguish between uninfected and infected cells and work on thin blood
smears. Images of segmented red blood provide an excellent application for deep learning.

A major benefit of deep learning is considered to be that it does not require the creation of hand-
crafted features, as other authors who have used deep learning to segment cells include Bibin et al.,[39]
who utilized deep belief networks, Dong et al.,[40,41] and Gopakumar et al.,[37] who worked on
convolutional neural networks, and most recently Hung et al.,[42] who employed a faster region-based
convolutional neural network by providing an end-to-end framework. As deep learning is now a dominant
approach in machine learning, we may anticipate a large number of new articles on cell staging, cell

classification, cell segmentation, and many related issues concerned with automated malaria diagnosis.

3 DATASET

A total of 27,558 pictures were utilized in this study, with an exact rate of photos of uninfected and
parasite cell types. The thin blood slide photos used in the Malaria Screener research project are the source
of these photographs. It was researchers from the ‘“National Library of Medicine's Lister Hill National
Center for Biomedical Communications (LHNCBC)” that utilized an Android smartphone coupled to a
standard light microscope to capture these photos. At “Chittagong Medical College Hospital in Bangladesh”,
50 healthy patients and 50 people who had been infected with malaria were imaged with Giemsa-stained
thin blood smear slides. Photos of slides were taken using a smartphone's built-in camera, which were then
labeled by a slide reader at the “Mahidol-Oxford Tropical Medicine Research Unit” based in Thailand. The
“National Library of Medicine” has the de-identified images and comments. Figure 1 displays photos of

parasite and uninfected cells.
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Figure 1: Uninfected and Infected Malaria cells
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4 METHODOLOGY

In this section, an overview of our approach is presented, in which we have used pre-trained

transfer learning models to detect malaria parasite cells.

4.1 Transfer Learning

Machine learning has been widely and effectively applied in a variety of applications where patterns
from previous data (training data) may be retrieved to predict future events [43]. Traditional machine
learning makes use of training and testing datasets that share the same data distribution and feature space.
The results of a predictive learner might be affected if the distribution of data between training and testing
changes. Training data that matches the test data's feature space and expected data distribution
characteristics might be difficult to get in certain situations. That's why we need an expert in the target
domain to come from a similar source domain. It's for this reason that we do things like this in the classroom
[44].

This kind of learning is called "transfer learning," and it entails utilizing a model that you've already
mastered. Basic transfer learning concepts are shown in Figure 2. Pre-trained models are essential since
they are more complex and more accurate since they have been trained from a huge quantity of source data,
namely “ImageNet”, and then "transfer" the learned knowledge to a relatively basic job (in this case,
classifying uninfected from parasitized) with a small amount of data compared to the ImageNet dataset [45,
46].
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Figure 2: Transfer Learning Concept
A. DenseNet-121

When using a typical feed-forward convolutional neural network (CNN), the results of one layer are
fed into the next one, except for the first (which receives input). Direct links between one layer and the next
may be found for all "L" layers. There are certain drawbacks to this, though. For example, the "vanishing
gradient™ issue emerges when the number of layers in a CNN becomes larger. This means that the network's
ability to train effectively is diminished as the channel for information between the input and the output
layers expands, since some pieces of information may 'vanish' or be lost. By changing the typical CNN
design and reducing the connecting pattern across layers, dense networks alleviate this issue. Each layer in
a DenseNet architecture is connected to every other layer through direct connections, As a result, the name
"Densely Connected Convolutional Network™ emerged to describe this kind of neural network. Only two
direct connections are available for each stratum.

With 120 convolutions and four average pools, DenseNet-121 is able to take use of characteristics
retrieved earlier in the process. Due to the numerous duplicate features that the layers in the second and
third dense blocks produce, they provide the least weight to the output of the transition layers. There may
still be more high-level features created deeper within a model even when the weights of the whole dense
block are employed by the final layers, since there appears to be a larger concentration of final feature maps
in trials [47].

B. DenseNet-169

With The DenseNet family of image classification models includes the DenseNet-169 model.
Densenet-121 and Densenet-169 models vary mostly in size and accuracy. When comparing the two, the

densenet-169 is around 55MB larger, whereas the densenet-121 is just about 31MB.
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DenseNet-169s CNN structure contains a dense block which has [6, 12, 32, 32] layers where the
input feature maps of each previous sub-block are concatenated and then utilized as the input feature map
of a specific sub-block. This extensive connection aids in the resolution of vanishing gradient issues and
the reduction of parameter numbers [48].

C. DenseNet-201

The DenseNet family of image classification models includes the densenet-201 model as well. The
densenet-201 model is bigger, at over 77MB, than the densenet-121 model, which is at around 31MB. Since
the DenseNet-201 uses condensed networks, it allows for quick training and incredibly parametrically
efficient models. In the next layer, this provides more options and improves performance. On a variety of
datasets, such as ImageNet and CIFAR-100, DenseNet201 has performed very well. Direct connections
from all previous levels to all subsequent layers are included in the DenseNet201 model to increase
connectivity [49].

D. Xception

In 2017, Xception was developed, which was also known as Extreme Inception, a version belonging
to the Inception family, which was developed by Chollet [50] at Google. The architecture of Xception is
based on the concept of the Inception module [51], with modifications such as adding several convolution
layers, depth-wise separable convolutions, inception modules, and residual connections to enhance the
CNN performance. The results from Xception show performance improvments compared to ResNet,
VGGNet, and InceptionV3 [52].

E. VGG16

VGG16 was developed by “A. Zisserman and K. Simonyan” from Oxford University in the
publication titled "Very Deep Convolutional Networks for Large-Scale Image Recognition” in 2012. Using
the ImageNet dataset, which comprises over 14 million pictures and 1000 classes, the model achieved a
top-five test accuracy of 92.7 percent. VGG16 made improvements by replacing AlexNet’s large kernel-
sized filters with several 3x3 kernel-sized filters in sequence. VGG16 was set to train for weeks using GPUs
like NVIDIA Titan Black [53].
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F. VGG19

VGG19 is a 19-layer variant of the VGG model (16 convolution layers, 3 Fully connected layer, 5
MaxPool layers and 1 SoftMax layer). VGG 19 has 19.6 billion floating point operations (FLOPS). The
Visual Geometry Group at the University of Oxford created VGG19. VGG19 is also trained on the ImagNet
dataset as a part of the (ILSVTC) challenge for 1000-class classification task. The network takes input as
(224, 244, 3) RBG images [54].

G. Inception-V3

Inception-V3 is another CNN architecture with very good performance when it comes to object
recognition. This model consists of three parts: the block of basic convolution, enhanced Inception module,
and the classifier. In Inception-V3 the convolutional alternation with max-pooling layers occurs in the basic
convolutional block which is used for feature extraction. Inception-V3 is an improved model from the
original Inception module in which multi-scale convolutions are carried out in parallel and the results of
the convolution of each branch are concatenated. Therefore, as a result of using the auxiliary classifiers,
training results are more stable, which yields a better gradient convergence. At the same time, vanishing
gradients the problem of overfitting are avoided [55].

H. InceptionResNetV2

InceptionResNetV2 is based on Inception-V3 and Microsoft’s ResNet, the network is 164 with the
ability to classify images since it is also trained on the image net dataset, therefor the network has learned
a very rich representation through learning on the ImageNet dataset, the input size of the network is the size
of 299-by-299 with an output list of the predicted probabilities of the class. In this network, the multiple-
sized convolutional filters and the Inception-Resnet block are combined with the residual connections. The
use of residual connections is not limited to the avoidance of the degradation problem that the deep

structures might cause, but also to reduce the time of training [56].

I. MobileNet

MobileNet is a lightweight model that contains 4,253,864 parameters and accepts 224x224x3 images
as input. and make use of a depth wise separable convolution block to extract features instead of the standard
convolutional block. Depth wise convolution for each channel only uses 1 filter during convolution while

the output of depth-wise convolution is merged by pointwise convolution. Therefore, in this network, depth-
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wise convolution is applied to extract features from the images, and combining these features is

accomplished through pointwise convolution [57].

J. MobileNetV2

It is a CNN model that has been enhanced from the original MobileNet model and has very good
performance on mobile devices. This network is founded on the concept of a residual structure, in which
the residual link is located in the midst of the bottleneck layers. As a source of non-linearity, the middle
expansion layer makes use of lightweight convolutions that are depth-wise. Therefore, the MobileNetv2
architecture consists of an initially fully convolution layer containing 32 filters succeeded by 19 residual
bottleneck layers [58].

5 EXPERIMENTS AND RESULTS

5.1 Performance Metrices

In order to measure real and predicted classes accuracy, precision, recall, and F1 score are used,
which have been represented in Egs. (1) - (4), respectively, as each performance metric's mathematical
notation is provided below:

Accuracy = TP + TNTP + FN + FP + TN (1)
Precision = TPTP + FP (2)
Recal = TPTP + FN (3)
F1l = 2 X Precision X Recall Precision + Recall (4)

As "TP" stands for true positive, "TN" for true negative, "FP" for false positive, and "FN" for false

negative.

05-72



5.2 Experiments

In this study, all of the tests were run on the Google Colab environment (1x Tesla K80 GPU). We
used an Acer Aspire personal computer to interact with this environment. The number of epochs each model
is trained on is 30, with a batch size of 32 and a learning rate of 0.001. The comparative findings for all the
models are presented in Table X. It is clearly observed that DenseNet-201 has a slight edge over the other
model’s performance by achieving the highest scores in both Accuracy and F1-Score with 0.9339 and
0.9321, respectively. Also, DenseNet-169 has achieved the highest score on the Precision metric with
0.9597, and Densenet-121 performed the best in the Recall metrics with 0.9490. It's possible that this is
because DenseNet models have the deepest neural structure, allowing them to map more complex patterns.
MobileNet-V2 model has also performed very well, with an accuracy of 0.9302 and very high scores on
the other metrices.

VGG16 and VGG19 have also achieved a good result by having 0.9277 and 0.9118 as their
accuracies. While the MobileNetVV1 model has achieved the lowest scores on accuracy, precision and F1
score with having 0.8732, 0.8298 and 0.8806. And the lowest score in the Recall category was achieved by
the Xception model with 0.8282.

Table 1 Performance Comparison of Transfer Learning Models

Models Accuracy Precision Recall F1 Score
DenseNet-121 0.9262 0.9072 0.9490 0.9276
DenseNet-169 0.9299 0.9597 0.8971 0.9273
DenseNet-201 0.9339 0.9549 0.9104 0.9321

InceptionV3 0.8870 0.9284 0.8379 0.8808
Inception-ResNetV2 0.9262 0.9291 0.9223 0.9257
MobileNetV1 0.8732 0.8298 0.9381 0.8806
MobileNetV2 0.9302 0.9461 0.9119 0.9287
VGG16 0.9277 0.9355 0.9184 0.9269
VGG19 0.9118 0.9458 0.8731 0.9080
Xception 0.8923 0.9493 0.8282 0.8846
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CONCLUSION

In this paper, we presented ten transfer learning models. We demonstrated that these models could

be used to effectively tackle the identification of parasites from uninfected cells from red blood cell images.

After evaluating these transfer learning models, we discovered that they could show competitive

performance compared to each other. These models were tested on an image dataset. In the experiments,

DenseNet-201 achieved the highest accuracy and F1 score, with DenseNet-169 and DenseNet-121

performing the best with Precision and Recall, respectively. While MobileNetV1 had the lowest precision

and F1 score, The Xception model also performed the lowest in the Recall metric.
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