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Malaria, a mosquito-borne blood infection, is caused by the Plasmodium genus. The 

traditional diagnostic approach relies on the manual examination of stained blood cells under 

a microscope. However, this labour-intensive and time-consuming process can be 

significantly improved with machine learning techniques to analyze microscopic images of 

blood smears for parasite detection. This paper reviews the various methodologies 

previously employed, focusing on the different strategies used for imaging. A 

comprehensive summary is provided, detailing the work conducted on both thin and thick 

blood smear images. Emerging developments in deep learning, coupled with contemporary 

mobile technologies, are also highlighted as potential future tools for malaria diagnosis. The 

paper further explores recent advancements in machine learning techniques for malaria 

detection and identification in images, emphasizing challenges associated with image 

processing. In addition, a detailed comparison is made between various machine learning 

approaches to provide a comprehensive overview. The application of these advanced 

machine learning and deep learning techniques holds the potential to revolutionize the 

process of malaria detection and control. 
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1. INTRODUCTION

Malaria is a global health concern with far-reaching 

implications. It is a parasitic infection transmitted by the 

Anopheles mosquito species, resulting in a life-threatening 

disease that poses a significant public health risk worldwide. 

The Plasmodium parasite carries out a multistage lifecycle, 

inducing periodic fevers characteristic of the disease. Four 

Plasmodium species can infect and be transmitted by humans, 

causing a range of symptoms that, with prompt treatment, can 

be rapidly managed. However, in the absence of timely 

intervention, individuals might experience severe symptoms 

such as cerebral malaria, severe malarial Aneamia, and coma, 

or it may even be fatal. Severe malaria Aneamia (SMA) is a 

leading cause of infant mortality in malaria-endemic regions. 

Infection is a primary driver of morbidity and mortality in 

these areas, imposing considerable social and economic 

burdens [1]. 

Despite being declared a fully preventable and treatable 

disease by the World Health Organization (WHO) in 2016 [2], 

malaria remains a critical global health challenge. Swift and 

effective treatment is crucial to significantly reduce malaria-

related mortality. According to the WHO (2020), between 

2000 and 2019, malaria caused over 7.6 million deaths from 

approximately 1.5 billion infections annually [3]. The extent 

of malaria mortality worldwide is depicted in Figures 1 and 2. 

The examination of Giemsa-stained blood films via 

microscopy remains the gold standard for Plasmodium 

detection, as reported by studies like Tangpukdee et al. [4]; 

Yang et al. [5]; Mavandadi et al. [6]; and Holmström et al. [7]. 

The microscope's cost-effectiveness, simplicity, and 

adaptability make it particularly suitable for low-resource, 

high-disease-burden regions. Tangpukdee et al. [4] 

demonstrated the enhanced malaria diagnosis via traditional 

microscopy compared to various other methods. However, 

there is a growing demand for alternative diagnostic methods 

that are rapid, highly sensitive, require minimal or no blood 

samples, and allow for self-testing. 

Under a microscope, the four stages of malaria infection in 

the blood—ring, trophozoite, schizont, and gametocyte—can 

be clearly distinguished. Early detection is crucial for reducing 

the mortality rate associated with malaria. Therefore, prompt 

diagnosis and effective treatment are key to mitigating the high 

mortality rates related to this disease. 

This study aims to categorize the diverse imaging 

methodologies used in previous research. A summary table is 

presented detailing the work conducted on both thin and thick 

blood smear images. Recent advancements in deep learning 

and mobile technologies, which hold promise for future 

malaria diagnosis, are also highlighted. The paper further 

explores the challenges associated with image processing, 

focusing on recent developments in machine-learning 

algorithms for malaria detection and identification in images. 

The strategies discussed range from basic image processing 

and feature extraction to the application of machine learning 

for malarial parasite detection. The implementation of these 

strategies plays a critical role in optimizing cost, time, and 

accuracy in malaria diagnosis. 
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2. BLOOD SMEAR AND ITS TYPE 

 

 
 

Figure 1. Thin and thick blood smear 

 

Bloodstains are usually taken from a finger prick and serve 

as the most solid precedent for conducting tests for malaria. 

To determine malaria, two distinct viscosities of blood smears 

are used. Thick blood spreads are valuable for distinguishing 

the presence of parasites whereas thin blood smears help 

examiners find what types of malaria are responsible for the 

contamination. Both smear imagery is displayed in Figure 1 

on a glass slide. 

 

 

3. NORMAL VS. ABNORMAL RED BLOOD CELL 

 

Because they contain a significant amount of hemoglobin, 

which has an 8-micron diameter, erythrocytes have a 

distinctive pink colour. If anomalous parasites are present in 

red blood cells, if shape deformation occurs, the presence of 

plasmodium is identified. Likewise, the proportion of 

erythrocytes infected by the plasmodium parasite (density) is 

determined in Figure 2. In addition, Ahirwar et al. [8] 

portrayed the morphological elements between ordinary RBC 

and malaria parasite-contaminated RBC. 

 

 
 

Figure 2. Human erythrocytes infected with P. falciparum and not parasitized. In comparison to a human erythrocyte membrane 

infected with P. falciparum, smooth surface topography was seen with non-parasitized erythrocytes in (a) and (b) [9] 

 

 

4. EXISTING TECHNIQUES TO DETECT MALARIA 

 

The standard microscope is the central apparatus for malaria 

diagnosis from blood smear images for normal and malarial 

cases in the interior area. Figure 3 depicts the flow diagram of 

the malaria parasite detection process. 

 

 
 

Figure 3. Process flow diagram for finding malaria parasites 

 

 

5. ACQUISITION OF IMAGE DATASET 

 

For the different stages of the intelligent malaria parasite 

detection and classification system, we present an overview of 

several dataset types here. Even though there are still certain 

restrictions in some phases of standard or benchmark public 

datasets, such as gesture detection and pothole identification, 

they are necessary for validating the approach in these phases. 

Using artificial intelligence with digital image processing 

methods on patient blood smear samples is necessary for the 
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identification of malaria. A few sample images are shown in 

Figure 4(a) indicates the sample Parasitized images and 4(b) 

indicates the sample uninfected images which are also shown 

below.  Each patient's blood smear sample is used to produce 

images of thick and thin blood smears. Blood smear images 

are commonly employed in machine detection studies and 

have been used by researchers [10]. 

 

 
 

Figure 4. Visualization collection of the dataset 

 

 

5.1 Availability of standard public dataset 

 

Table 1 further furnishes an enumeration of myriad datasets 

generated through disparate light microscopy methodologies 

employed by diverse researchers. The tally of images or 

sequences, along with the diverse types of discernible objects, 

is delineated alongside the dimensions of the datasets. In the 

subsequent stages outlined in Table 2, an analysis is presented 

of the deployment of private datasets within the framework of 

an intelligent system for malaria parasite detection and 

classification, as undertaken by various researchers. 
 

 

6. PRE-PROCESSING OF MICROSCOPIC THICK AND 

THIN BLOOD SMEAR IMAGE 

 

Steps used during pre-processing, such as image 

background correction, noise reduction, and contrast 

augmentation, might occasionally assist in refreshing the 

concept. Besides, misusing the slides and image-capturing 

device settings brings commotions into the infinitesimal image. 

The captured images are inherently containing noises. Staining 

blood is significant for other developed perceptions of 

hematological problems. Pre-processing is a quality 

improvement technique and noise deportation technique from 

the image to process the image into useful sections, without 

retaining the parasite's specific details. This article focused on 

pre-processing images applied to overhaul malarial bloodstain 

images. With this method, problems like uneven lighting, 

blurring, and the appearance of undesirable features may be 

resolved. 

 

Table 1. Standard public dataset table 

 
Dataset 

Type 
Used Dataset 

Number of 

Images 
Dataset Link Classification Type 

Public Malaria Cell images 27,558 https://ceb.nlm.nih.gov/proj/malaria/cell images.zip Binary Classification 

Public Malaria Cell images 27,558 
https://www.kaggle.com/datasets/iarunava/cell-images-for 

detecting-malaria 
Binary Classification 

Public Blood cells images 12444 https://www.kaggle.com/paultimothymooney/blood Multi Classification 

 

Table 2. Standard private dataset table 

 
Dataset 

Type 
Used Dataset 

Number 

of Images 
Dataset  

Phase 
Classification Type 

Private 
Malaria Cell 

images 
200 

Chittagong Medical College 

150 P. falciparum & 50 uninfected 

Malaria Detection 
- 

Private 
Malaria Cell 

images 
2703 Employing a 1000x magnification, 

Detection and 

classification of Malaria 
Binary Classification 

 Private Blood cells images 13000 National Institute of Health  Multi Classification 

 

6.1 Thick smear 

 

In 2009 Frean [11] proposed reducing noise from an image 

using the median filter for solid specification to detect malaria 

in thick Giemsa stain blood. Two crucial steps were carried 

out by Elter et al. [12] to identify the parasites. The initial step 

of pre-processing was underway. As indicated by this 

exploration, the extent of red and green parts for identifying 

things that contain chromatin, a thick blood smear is the most 

useful component. May and Aziz [13] proposed a way to 

consequently measure and order erythrocytes contaminated by 

plasmodium and utilized a wiener filter to eliminate the 

undesirable noise. Arco et al. [14] performed on thick blood 

smear and in case of pre-processing, which comprises two 

tasks; image filtering to decrease the noise with the help of a 

Gaussian low-pass filter and further developing image quality 

utilizing histogram equalization. 

Presented as an approach to analyzing and processing 

images by Memon et al. [15] utilizing the median filter to 

reduce unwanted noise from images and the algorithm under 

consideration exhibited a heightened degree of efficiency, 

coupled with a markedly superior level of precision, in 

contrast to the NCC and Fuzzy classifier methodologies 

recently employed by contemporary researchers. Dave and 

Upla [16] proposed a technique that worked on thick stains to 

identify malaria with the help of converted image RGB to 

HSV. In 2018, Poostchi et al. [17] depicted various image 

analyses with the assistance of artificial intelligence to 
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distinguish malaria parasites from microscopic blood smear 

images. A reliable segmented approach was put out by 

Salamah et al. [18] whereas Fatima and Farid [19] utilized a 

bilateral filter to eliminate undesirable commotion from 

minuscule images. 

 

6.2 Thin smear 

 

In 2007, Diaz et al. [20] published an automatic detection of 

microscopic imaging acquired from thinner blood smears from 

malaria. Ghosh et al. [21] proposed Leishman-stained images 

captured through the light microscope of peripheral blood 

smears characterized by malarial parasites and their type using 

a machine learning approach. They used erythrocyte 

segmentation utilizing marker-controlled watershed 

transformation and a few created a completely computerized 

technique in 2012 for identifying blood stains contaminated 

with malarial parasites and determining the parasite's life stage 

and used Laplacian filter for unwanted noise removal from 

gathered pictures and proposed a way to distinguish the types 

of malaria. Erythrocyte segmenting was suggested by Sharif et 

al. [22] with the help of red platelets with the assistance of a 

watershed algorithm. 

Sheikhhosseini et al. [23] utilized a nonlinear diffusion filter 

to remove undesirable noise and proposed an automatic 

malaria diagnosis-based algorithm. Rakshit and Bhowmik [24] 

used a wiener filter to eliminate the blurring portion in images. 

Maiseli et al. [25] proposed a programmed and low-cost 

parasitemia distinguishing for low-end microscopy imaging 

gadgets. Razzak [26] proposed a strategy for the programmed 

identification of falciparum and vivax plasmodium with the 

help of RBC segmentation with RNN. Makkapati and Rao [27] 

proposed a segmentation technique that segments the RBC 

over HSV colour space recognizes malaria parasitic infection 

in peripheral blood smear images and calculates the optimal 

saturation threshold value. 

 

 

7. PARASITE DETECTION 

 

From the study, we found distinctive detection and 

segmentation methods that are used for thin smears and thick 

smears described below. 

 

7.1 Thin smear 

 

From previous papers, we found distinctive segmentation 

methods which are used for thin spots. By far, most of the 

procedures are thresholding methods. Cell segmentation 

should be precise to figure out the right parasitemia. Be that as 

it may, contacting cells specifically convolute the 

distinguishing proof and division of individual cells. To solve 

these kinds of problems, we use active contour watershed 

methods. In the case of Hough transformation, we assume the 

shape of the blood cells. 

Zou et al. [28] worked on a diagnosis technique within a 

large Field of View. In the year 2011, An approach to 

determine the malarial parasite was proposed by Damahe et al. 

[29] where parasites in bloodstain images are segmented by 

the Zack thresholding technique. Nasir et al. [30] showed a 

contemporary segmentation method in their paper to detect 

malaria in the thin stain. Panchbhai et al. [31] proposed a 

segmentation technique of RBC in thin stains. Suryawanshi 

and Dixit [32] used Poisson distribution for image 

segmentation utilizing minimum error thresholding in giemsa 

stained blood images Gatc et al. [33] proposed a double 

thresholding technique to detect malaria parasite in 

erythrocytes for exactness of recognition. Das et al. [34] 

worked on microscopic images utilizing a machine-learning 

algorithm on peripheral bloodstains for erythrocytic cell 

segmentation using the marker-controlled watershed method. 

Tulsani et al. [35] proposed segmentation using morphological 

watershed transformation. 

Kusworo [36] proposed a colour segmentation to detect 

malarial contamination in infected thin blood smears. Using 

morphological characteristics, recommended utilizing digital 

image analysis to automatically itemize malaria parasites. 

Gopakumar et al. [37] proposed identifying malaria with the 

help of bloodstain sample images using a focus stack with the 

help of a slide scanner and Convolution Neural Network 

(CNN). Maitra et al. [38] suggested a counting technique for 

the erythrocytes using the Hough transform with the help of an 

automatic segmentation technique. Halim et al. [39] segregate 

the healthy and parasite-infected blood images utilizing the 

help of matching patterns with parameter optimization and 

cross-validation methods. 

 

7.2 Thick smear 

 

The segmentation strategies for thick stains are 

unmistakable in that white platelets and parasites should be 

portioned. We know that white platelets are always greater 

than red platelets and have more surface, making their 

identification easier. The division strategies for thick spreads 

are unmistakable in that white platelets and parasites should 

be portioned. Moreover, white platelets should be recognized 

and won't be handled or arranged further. When in doubt, 

parasites are pretty much nothing, and their trustworthy 

conspicuous evidence is, for the most part, critical. In this way, 

affirming these things is more essential than their division in 

each pragmatic sense, which may clarify the strength of 

thresholding strategies and morphological exercises again. 

Thick bloodstain is assessed for malaria parasites in 1 

microliter of blood. 

That means malarial parasites are enumerated in more than 

100 high-force fields Moody and Chiodini [40]. To count the 

number of malarial parasites, present in each digital image, 

Toha and Ngah [41] suggested examining blood-thickening 

smear images. Mandal et al. [42] proposed a normalized cut 

strategy for dividing RBCs tainted with malarial parasites 

utilizing blood films which are thicker. Park et al. [43] used 

AGNES+and morphological gradient techniques to detect 

parasites in thick blood film segmentation, whereas, in the 

same year, Park proposed an electronic technique for 

identifying and arranging red platelets tainted by malarial 

parasite falciparum at trophozoite or schizont stage for 

unstained cells. A machine-learning approach that uses 

smartphones to identify malaria parasites in thick blood 

smears was proposed by Yang et al. [44] and Kassim et al. [45] 

also suggested the same approach for thick smears where 

patients infected with malaria in instances of P. Falciparum 

and P. Vivax. 

 

 

8. SELECTING AND EXTRACTING FEATURES 

FROM IMAGES 

 

When extracting features, tissues on pathology slides are 
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examined for structure and other properties as well as for the 

targeted discriminant artefacts or regions of interest. 

Appropriate subgroup selection is important for enhancing 

type accuracy, reducing complexities, and ensuring that the 

right capabilities are optimized for study. Different features 

from different arrays are used to split normal and abnormal 

erythrocytes, and new variables are computed. Some features 

like Morphology, texture, strength, etc., are the simplest 

examples utilized for distinguishing erythrocytes. The 

histogram-based options for varied colour channels like the 

hue, intensity and saturation are used to distinguish the 

conventional and infected erythrocytes. In the case of colour 

and the statistical features, options comprise space, perimeter, 

grayscale histogram, and saturation histogram, the metric is 

especially utilized for protozoal (malaria) infection detection. 

Parasites were stained, colouration capabilities are most 

common, and plenty of papers use them. Di Ruberto et al. [46] 

proposed another morphological way to distinguish the 

malarial contamination from Giemsa-stained blood image and 

in the year 2012 he proposed a diverse order method. One is 

an automatic thresholding-based morphological methodology, 

and one is more dependent on colour histogram likenesses. 

Nguyen et al. presented a new technique for adequately 

dividing amassed cells utilizing esteem in distance image 

change Nguyen et al. [47]. Ghosh et al. [48] proposed another 

procedure that further develops the image quality and 

threshold-based segmentation of microscopic images to 

recognize the presence of Plasmodium. Lee et al. [49] worked 

on an optofluidic microscope to diagnose malaria in a high-

resolution blood image. von Mühlen [50] demonstrated the 

recognition of malarial infection in smears with the help of 

morphological features. Mehrjou et al. [51] proposed a 

programmed system for recognizing parasites using an 

automated complex microscope. Khatri et al. [52] 

implemented a quick and precise method to distinguish 

malaria parasites with the assistance of morphological features. 

Chavan and Sutkar [53] also proposed disease recognition and 

utilizing image analysis with the help of feature extraction. 

Inside the erythrocyte has been described the usage of quite a 

few textures and morphological capabilities. The thought is 

that those capacities will mimic the presence of ring structure 

with recognizable cytoplasm and distinctive special parasite 

characteristics in infected cells. The trademark decision 

methodologies used to decrease trademark dimensionality 

comprise PCA, F-statistic, etc. 

Morphological features signify the dimension and shape of 

an erythrocyte while not considering the density, and 

profoundly in the instance of different parasites, the 

erythrocytes are broadened, but they stay the same as before. 

Various parameters like the area, perimeter, eccentricity, 

compactness ratio, roundness ratio, and bending energy are 

important features that are important with morphological 

features. Kusworo [54] proposed malarial parasite 

recognizable proof in tainted red platelets at the advancement 

stage utilizing colour segmentation and examined the 

roundness ratio. Other features like the Hu moment, colour 

histogram, colour auto-correlogram, and relative shape 

measurement that depend on portable help for diagnosing 

transferable diseases in remote locations were organized. Devi 

et al. [55] proposed work, k-Nearest Neighbor including 

various elements. The ratio isolates and compounds 

erythrocytes present in thin blood smear for a diagnostic blood 

disorder. Bibin et al. [56] proposed a technique utilizing a deep 

belief network to recognize the existence of malaria parasites 

in human bloodstain images. Eshel et al. [57] proposed two 

studies: Diagnostics Parasite and species identification and 

parasite quantification. Kareem et al. [58] proposed a 

computerized determination strategy for malaria parasite 

recognition dependent on morphology, relative size, and 

intensity variation. 

Most of the papers use the conventional RGB colour space, 

whereas a few papers use the HSV colour space and a couple 

utilize the green channel of RGB to remove staining-related 

shading data in images. We consider there may be a 

compelling case for the usage of a colouration area. This is a 

better ideal for extracting the same old staining colours. 

Kumar et al. [59] proposed an image grouping framework to 

emphatically distinguish malaria parasites present in thin 

blood spreads. For segmenting contaminated red platelets in 

peripheral blood stain images, Mandal et al. [60] used the 

normalized cut approach. and checked the efficiency of RGB, 

YCbCr, and HSV utilizing the Rand’s Index. Abbas and 

Mohamad [61] worked on RGB colour image improvement 

for red platelets segmentation in the YCbCr colour space. 

SURF, a local feature extraction technique, was presented by 

Thung et al. as an approach to locate malarial parasites in 

blood. Vink et al. [62] worked on a quantitative cartridge 

scanner for low-density malarial parasite detection. 

With the use of a computer vision algorithm, Linder et al. 

[63] developed a decision support system for identifying 

malaria parasites that considered test areas with the highest 

potential of contamination with the disease. As of 2014, 

Annaldas et al. [64] constructed a processing method for 

images with morphological and thresholding strategies that 

can be utilized to recognize erythrocytes to mechanize the 

analysis of malaria on thin blood spreads and discover the 

potential parasite count. Chayadevi and Raju [65] worked on 

effective fuzzy base colour segmentation with the assistance 

of fractal feature extraction. In 2013, by using an image 

analysis technique to distinguish between live and dead 

parasites in samples that had previously received 

pharmacological treatment, Moon et al. [66] proposed the 

quantitative detection and categorization of the Parasite 

lifecycle. Muralidharan proposed automatic malarial cell 

recognition based on feature selection. In 2016 Jan et al. [67] 

worked on a method to identify malarial parasites in blood 

tests with giemsa stained. 

 

 

9. CLASSIFICATION WITH SPECIES 

IDENTIFICATION USING MACHINE LEARNING 

MODEL 

 

Not many papers have made order advancements 

unequivocally for cell separation or parasite identification. 

Ross et al. [68] worked on peripheral blood stains with the help 

of a computerized image-processing technique to diagnose 

malaria and its type. To identify the infecting species and life-

cycle stages of these parasites in images of fragile blood and 

to discriminate between them, Tek et al. [69] recommended 

using computer technology. Ghosh et al. proposed Leishman-

stained images captured through the light microscope of 

peripheral blood smears characterized malarial parasites and 

their type utilizing a machine learning approach and they used 

erythrocyte segmentation operating marker-controlled 

watershed transformation. A fully programmed framework 

was developed by Savkare and Narote [70] for classifying and 

counting erythrocytes that have been infected with malaria 
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parasites and identifying the parasites' life phase. 

To discriminate between the stages of parasites in humans, 

Nugroho et al. [71] developed an image-processing approach. 

Parasite cells are recovered as features using histogram-based 

texture analysis, which also includes extracted features. To 

differentiate between falciparum and vivax, Preißinger et al. 

[72] an innovative neural network-driven framework has been 

devised, boasting the capability to swiftly classify red blood 

cells into four distinct categories. These encompass healthy 

cells and three distinct groups of infected cells, stratified based 

on the age of the parasitic infestation. Erythrocytes and the 

malaria parasite were categorized using geometric 

characteristics by Kumarasamy et al. [73]. Charpe and Bairagi 

[74] proposed computerized malarial parasite and their stage 

discovery, which continues in advances like picture 

procurement, division, highlight extraction, and afterwards 

arrangement. The highlights: shading, shape, size, in-strained 

quality, the surface will be extricated, and arrangement is 

finished utilizing SVM. The parasite contaminated RBC, and 

their count is also found in this work. Vijayalakshmi et al. [75] 

postulated an experimental design aimed at elucidating the 

aberrations in texture feature metrics through the manipulation 

of image luminance via the modulation of intensity control 

settings. Computerized identification of malaria parasites in 

images of thin blood films stained with Giemsa was 

investigated by Preedanan et al. [76]. Methods for automated 

segmentation, feature extraction, and classification are 

essential for understanding parasitemia. Segmentation 

depends on versatile thresholding and watershed strategies. 

Measurable highlights are then figured out for every cell and 

grouped utilizing an SVM binary classifier. Peñas et al. [77] 

proposed a distinguishing malaria parasite in peripheral blood 

spreads utilizing AI. With an accuracy of 92.4%, an 

affectability of 95.2%, and a precision of 87.9%, the article 

used a convolutional neural network to identify malaria 

parasites and characterize the two species, Plasmodium 

falciparum and Plasmodium vivax. Using images of stained 

thin blood smears, Bashir et al. [78] suggested an accurate, 

speedy, and acceptable model of malaria analysis. Using 

images of stained thin blood smears, Bashir et al. suggested an 

accurate, speedy, and acceptable model of malaria analysis. 

The tactic made use of the erythrocyte and Plasmodium 

parasite intensity characteristics. They proposed many 

features based on intensity. The presentation of these features 

on the red platelet tests from the made data set has been 

assessed utilizing an Artificial Neural Network (ANN) 

classifier. 

To differentiate malaria parasites in thin blood spreads and 

classify them into one of the four unique kinds of malaria, 

Ndour et al. [79] suggested an image-processing approach. 

The preprocessing stage involved several techniques to 

improve the photos. In the system's first segment, red blood 

cells (RBC) are taken out of blood pictures using 

morphological handling. They suggested a brand-new 

algorithm that detected questionable areas and located the 

parasites in the photographs. The distribution of RBCs in each 

image is calculated after they are divided into tainted and 

untainted cells. 

In the year 2012, Kaewkamnerd et al. [80] proposed a 

system for automatically identifying and categorizing different 

types of the malaria parasite in thick bloodstains whereas 

Zhang et al. [81] analyzed red blood cells for unlabeled 

malaria parasites in the year 2016. Khan et al. [82] suggested 

a vision-based way to distinguish the malarial parasite from 

thick smear with the help of light microscopy images and 

Leishman stain by utilizing Kapur segmentation to categorize 

contaminated blood smears [83]. 

An approach for locating malaria parasites MLP network 

was used by Seman et al. [84] to classify the detection of 

malaria parasites on thin blood smears. Shekar et al. [85] 

suggested using CNN-based deep learning to automatically 

categorize and forecast the spread of tainted blood. The 

performance in recognizing Plasmodium falciparum-tainted 

platelets was estimated by normal accuracy, and execution on 

distinguishing parasitic disease at the image level by Kuo et al. 

[86] in the year 2020. 

 

 

10. HYBRID MACHINE LEARNING MODEL FOR 

MALARIA CLASSIFICATION 

 

The difficulties (comprehension as a result) and the growing 

problems with robustness force us to reevaluate how artificial 

intelligence can be used to do computations that are easy to 

grasp, analyze, or explain. Also necessary are secure, dazzling 

structures. New algorithms that give precision, ability, etc. are 

necessary to be developed in response to the rising demand for 

ability. With the hybrid model, easily we get more optimal 

results. Research on combining machine learning methods into 

various hybrid systems has recently come to light. Because of 

the preliminary nature of this study, additional research is 

required. Diker [87] developed a machine-learning model 

based on Deep Residual CNN with a Bayesian optimization 

approach for the visual classification of malaria cells. A public 

database of 27558 images of malaria cells is available from the 

NIH. Canonical Correlation Analysis is a deep learning 

technique proposed by the authors Patil et al. [88] The CCA 

approach concurrently extracts, learns, and trains numerous 

nuclei patches to observe how overlapping nuclei impact the 

model. Blood cell pictures overlap, reducing the size of the 

input image, accelerating classification, and resulting in more 

precise weight values as the network converges. 12,442 blood 

cell pictures make up the dataset, of which 2487 are test 

photographs and 9957 are training images. An algorithm for 

detecting malarial illness was reported by Soomro et al. [89]. 

To detect malaria, they used image processing methods and 

filters with the Naive Bayes Classifier. The dataset utilized in 

their investigation was made up of one of the 27,558 pictures 

from the Kaggle public datasets pool. Because the photographs 

in the collection arrive in different sizes, it is essential to scale 

each image to the same standard measurement of 300x300. To 

prevent misleading findings brought on by human error, 

Somasekar and Reddy [90] developed a transfer learning 

model and applied it to 27,560 cell photos. Mohammed and 

Abdelrahman [91] developed a model that combines the 

benefit of automatically extracting features offered by deep 

models with the higher classification accuracy offered by 

traditional machine learning classifiers. Bashar [92] first 

described a color-texture feature (YCbCr HOG). Sahlol et al. 

[93] extracted attributes from WBC images using VGGNet. 

Cat Swarm Optimization (SSPSO) algorithm-based optimized 

Convolutional neural networks (SSPSO-CNN) technique and 

the Salp Swarm Algorithm were included, according to Kumar 

et al. [94]. In the year 2021, Arowolo et al. [95] suggested 

using a fresh, optimized hybrid investigation strategy. 

Convolutional neural networks were also suggested by 

Mitrović and Milošević [96] for the detection of malaria based 

on the categorization of thin blood smear images of the 
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possibly infected cells. 

The trained Alex Net and Google Net designs served as the 

foundation for an algorithm described by Thompson et al. [97] 

The feature vector for the last pooling layer of both CNN 

architectures has been combined, and the SVM classifies the 

resulting feature vector (Google Net-SVM). Using deep 

learning and images of blood smears, Jha et al. [98] developed 

a leukaemia diagnosis module. The detection phase also 

involves pre-processing, segmentation, feature extraction, and 

classification. Based on mutual information, the proposed 

hybrid model combines the segmentation outcomes of the 

active contour model and the fuzzy C means technique (MI). 

In Figure 5, we elucidate individuals involved in the 

development of a hybrid machine-learning model designed for 

malaria parasite identification. 

 

 
 

Figure 5. Identification of malaria using hybrid machine 

learning from 2018 to 2022 

 

After that, statistical and Local Directional Pattern (LDP) 

data are taken from the segmented pictures and put into the 

suggested Deep CNN classifier that is based on the 

Chronological Sine Cosine Algorithm (SCA). Abbas et al. [99] 

employed a two-step method that involved picture 

segmentation before moving on to life stage categorization. 

 

 

11. DEEP LEARNING FOR MALARIA DETECTION 

 

Digital Pathology has been coordinated to finish off with 

deep learning strategies. The deep learning strategy is broadly 

utilized. AI strategy with patterns has effectively improved 

proficiency in various non-clinical fields. Deep learning is 

supervised learning that necessitates a large amount of training 

data. Deep learning techniques can be considered as a further 

developed form of the notable multi-facet neural network 

classifiers prepared with back-spread, with a few additional 

layers. This improvement in learning strategy has radically 

decreased the heap of microscopic analysts and let down the 

downsides of microscopic examination. According to LeCun 

et al. [100], deep learning made significant advances in taking 

care of issues. It has ended up being genuinely adept at finding 

complex designs in high-dimensional information and is 

accordingly material to numerous areas of science like beating 

records in image recognition. Convolution neural networks 

and autoencoders, which can aid in accurately identifying 

different phases of malaria infection, have been improved by 

Mallat [101] and Krizhevsky and Hinton [102]. 

Recent analyses of deep learning have shown that pattern 

classification models based on the deep learning viewpoint 

may fundamentally defeat models learnt based on traditional 

classifiers [103]. 

This is the explanation clinical execution has been among 

the last to execute deep learning as clarified getting ready 

images is harder to snag considering master experience 

measures and various factors. A convolutional neural 

organization, a deep neural network, is essentially utilized. 

CNN's biggest strength is its deep architecture. The CNN's 

extracting essential and secret features. Features that are 

removed are passed into a wholly connected neural network 

that uses them to classify images. 

In the wake of completing a customary level-set cell 

division strategy, Liang et al. [104] used a convolutional 

neural network to isolate tainted and uninfected cells in thin 

blood spreads which is the principal paper to apply deep 

figuring out how to malarial sickness findings. Dong et al. 

[105] applied deep learning, figuring out how to perform cell 

segmentation. Prakash et al. [106] suggested a new 

Convolution Neural Network based system which detects the 

malaria parasite in thin blood smear microscopic images. 

Hung et al. introduced an end-to-end framework utilizing a 

quicker region-based convolutional neural network. 
 

 
 

Figure 6. Identification of malaria using deep learning from 

2018 to 2022 
 

To identify the malaria parasite in red blood cells, Sayyed 

et al. [107] examined the efficacy of convolutional and capsule 

networks together. Shah et al. [108] made a customized three-

connected layers convolution model, which gives us a faster 

and cheaper malaria parasite detection technique. Even though 

a few more studies by Pagès-Zamora et al. [109] used a similar 

classification-based methodology to distinguish the parasites 

from other stained parts, the accuracy of parasite identification 

has not been high enough to support an automated framework 

for determining malarial infection. Hung et al. [110] depicted 

a Faster R-CNN strategy for object identification of individual 

contaminated platelets. Recent research in deep learning 

indicates a significant increment in the utilization of DBNs 

attributed to the progressions in the effective layer-by-layer 

learning method demonstrated by Hinton [111]. Rajaraman et 

al. [112] proposed preprepared CNN-based DL models as 

component extractors toward characterizing parasitized and 

uninfected cells to support further developed infection 

screening Computerized malaria screening utilizing DL 

procedures made as a powerful symptomatic guide. 

Vijayalakshmi [113] introduced a deep neural network model 

for identifying malaria parasites in blood smear images 

utilizing a transfer learning approach with the assistance of the 
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Visual Geometry Group (VGG) network and support vector 

machine. In Figure 6, we clarify the people engaged in creating 

a deep learning model specifically intended for the 

identification of malaria parasites. 

Masud et al. [114] worked on a productive deep-learning 

technique that identifies the infected and uninfected cells from 

thin blood smears and assesses the viability of different 

existing DL models for malaria recognition. Masud et al. [14] 

proposed a deep learning architecture, for example, CNN, 

which can be helpful progressively malaria recognition viably 

and precisely from input images and to reduce physical work 

with a portable mobile application and the end, they assessed 

the performance of a custom CNN model utilizing a repeating 

Stochastic Gradient Descent (SGD) analyzer with a 

programmed learning rate locater and acquired an exactness of 

97.30% in characterizing sound and tainted cell images with a 

serious level of accuracy and affectability. 

For the multiplexed DNA detection of malaria, Guo et al. 

[115] described a mobile phone-based start-to-end stage. The 

system makes use of a low-cost paper-based microfluidic 

symptom test, which is combined with a deep learning 

algorithm to assist with neighborhood selection and 

blockchain technology to store and network-protected data. 

Chakradeo et al. [116] worked on a VGG-based model for 

recognizing malarial parasites and comparing it with a recent 

model. The model outperforms most already created models 

in the scope of precision measurements. The model enjoys the 

benefit of being built from a moderately modest number of 

layers. Our model outperforms most already created models in 

the scope of precision measurements. This decreases the PC 

assets and computational time. Davidson et al. [117] described 

an ML technique that accomplishes the identification of red 

platelets, separating tainted or uninfected cells, and life stages 

of parasite categorization from natural, heterogeneous smear 

pictures. In the case of the pre-trained Faster Region-based 

Convolutional Neural Networks (R-CNN) model for RBC 

identification, their model performs precisely, with a normal 

accuracy of 0.99. Irmak [118] presented a new deep learning-

based malaria detection strategy. A convolutional neural 

network with 20 weighted layers is planned and proposed to 

recognize parasitized microscopic images from uninfected 

images. An aggregate of 27,558 peripheral blood smear 

images was utilized to prepare and test the CNN model, and 

95.28% exactness was acquired. In addition to a Deep Neural 

Network (DNN) based three-dimensional modelling algorithm 

that renders 3D models of parasitic cells in Augmented Reality 

(AR), Ramesh [119] worked on a convolutional neural 

network that considers the fast computerized analysis of 

malaria and achieved high classification accuracy 98%. 

Poostchi et al. [120] proposed a computerized system to 

recognize and segment red platelets and distinguish 

contaminated cells in Wright-Giemsa-stained thin blood 

smears. Utilizing image analysis and ML procedures, they 

processed computerized images of peripheral blood smears to 

decide the parasitemia in each smear. They also utilized a cell 

extraction strategy to portion RBCs, specifically covering cells, 

and showed that a common Bination of RGB tone and surface 

highlights beats different elements. 

Molina et al. [121] proposed a Deep Convolution Neural 

Network with the assistance of VGG 16 architecture by 

utilizing transfer learning to recognize malarial parasites in 

peripheral blood smears and Loh et al. proposed an automated 

deep mask R-CNN to identify malarial parasites from blood 

smear images and characterize those Loh et al. [122]. Hossain 

et al. [123] proposed a framework for malaria recognizable 

proof utilizing Variational Quantum Circuit (VQC), which is 

a half-and-half quantum-traditional (QC) AI strategy around 

the same time. Jena et al. [124] additionally proposed a 

discovery procedure for malaria parasites utilizing a deep 

neural network. Dey et al. [125] proposed another way to 

distinguish malaria parasites by utilizing the Deep Greedy 

Network with transfer learning. 

 

 

12. SMARTPHONES AS TOOLS FOR DIAGNOSING 

MALARIA IN REMOTE AREAS 

 

Cell phones have carried colossal accommodation and 

sizable effect on present-day culture, with efficient processing 

abilities and easy-to-understand provisions, for example, 

individual data the executive’s application, minimal 

computerized cameras, and worldwide situating framework 

[GPS] route. Because of these incredible underlying sensors, 

the cell phone is setting its foundations in the clinical field as 

an option in contrast to diagnostics purposes. Eze et al. [126] 

proposed another plan compromise for an AI model to help 

malaria case viewing in remote and asset-guided regions. 

Nowadays, the increased quality of cellular networks with 

mobile phones inbuilt superior digital cameras has turned into 

an optimal stage for some undeniable level imaging and 

recognizing mobile Health (mHealth) applications coming 

about in a few convenient fields prepared Point of Care (POC) 

devices. Because they are so adaptable, POC stages give 

medical services the freedom to be enhanced all around the 

world by offering excellent alternatives to current imaging 

modalities that are low-cost, small, and energy-efficient. 

Using the current portable foundation results in a huge 

decrease in the value and size of cell primarily based plans 

when dissimilar from a normal magnifying lens. A realistic 

optical cellphone-based transmission polarized light 

microscopic system was put out by Zhu et al. [127] for 

imaging the malaria pigment known as hemozoin. 

Hur et al. [128] examined parallel flow cytometry whereas 

Seo et al. [129] proposed a holographic image for cytometry. 

Zhu et al. [130] worked on fluorescent imaging with the 

assistance of a mobile device. Breslauer et al. [131] 

constructed a mobile phone with a light magnifying device and 

showed that it is practical for medical applications. True 

optical magnification, as opposed to merely digital zooming, 

is possible with the microscope that can be attached to a 

contemporary mobile phone's camera. Still, the main 

drawback is that those gadgets produce inferior image quality. 

So, a more functional methodology is to just join the cell 

phone with a connector to a regular microscope eyepiece 

enabling blood slide images to be captured with the cell 

phone's camera. Rosado et al. [132] presented an assorted 

framework approach for picture handling of malaria-

contaminated thick blood spread acquired with negligible 

expense and accessible gadgets, such as cellular phones. 

By visualizing sickle-red and P. falciparum-tainted platelets 

in bright fields, Agbana et al. [133] demonstrated the light 

microscope's potential for analytical usage. The necessity to 

detect platelets consistently underperformed the target. Dallet 

et al. [134] provide a flexible application platform for Android 

smartphones that can analyze malaria from a Giemsa-stained 

thin blood film image. The malaria pigment known as 

hemozoin was imaged by Pirnstill and Coté [135] using a 

practical optical transmission polarized light microscope 
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system based on a mobile phone. 

A bespoke mobile phone magnifying lens was developed by 

Skandarajah et al. [136]. It can be used with phones from many 

manufacturers. A mobile phone-based RDT assessment stage 

that can be used with different parallel stream immuno-

chromatographic measurements and comparison tests was 

demonstrated by Mudanyali et al. [137]. To check for the 

presence of white blood cells and falciparum trophozoites in 

thick smears stained with Giemsa, an image handling and 

evaluation approach utilizing a controlled arrangement. In 

contrast, Sio et al. [138] created an automated image analysis-

based method for the rapid and accurate determination of 

parasitemia. 

Using smartphone technology and image-based analysis 

software, Herrera et al. [139] experimented with the analytical 

execution of a device for the computerized interpretation of 

RDTs. To link a cell phone to a magnifying glass, Quinn et al. 

[140] presented their 3D-printable connection design in 2007. 

All images for their analysis, however, were captured using a 

specific magnifying microscope camera, which had a better 

pixel objective than their mobile phone camera. 

In their 2017 paper, Oliveira et al. [141] developed a 

computerized, mobile phone-based symptomatic paradigm for 

malaria. An easy-to-use UI was proposed by Moallem et al. 

[142] for a mobile phone-based system that examines blood 

smear pictures for malaria screening. And that cell phone is 

used in conjunction with a connection for a magnifying glass. 

With the use of mobile technology and deep learning. To 

analyze malaria in 100 high-resolution TBF FoVs, Manescu et 

al. [143] presented the pitifully guided Multiple Objects 

Features Fusion (MOFF) technique. This method relies just on 

the clinical-microscopy conclusion of the example (powerless 

management with names provided by routine clinical-

microscopy) and doesn't call for any difficult item-level 

explanations for preparation (complete supervision). The 

method is also capable of identifying specific parasites in 

photos, which helps determine the severity of the infection and 

how well it is responding to therapy. 

In 2020, Pattanaik et al. [144] proposed an effective multi-

magnification deep Residual Neural Network (MM-ResNet), 

completed naturally ordering the minute blood smear images 

as infected/nontainted at various amplifications. They had 

tentatively assessed their methodology by utilizing it to 

prepare more proficient variations of various reduced deep 

CNNs, assessed on smartphone datasets. The MM-ResNet 

start-to-finish system shows comparative or predominant 

precision to the pattern designs, as estimated by GPU timings 

on the freely accessible microscopic blood smear cellphone 

images. This methodology mainly utilizes an MMResNet for 

malaria-contaminated erythrocyte ID in infinitesimal blood 

smear images. They proposed an original broadened MM-

ResNet structure characterizing the blood smear pictures into 

contaminated and noninfected erythrocyte images with a 

normal precision of 98.08%. 

To identify malaria parasites in TBF, several methods have 

been used, but none have yielded accurate negative and 

positive prescient execution suitable for clinical application 

and revealed a novel way to overcome these challenges and 

provide a therapeutically useful framework. It creates a Deep 

Malaria Convolutional Neural Network classifier 

(DeepMCNN) for computerized malaria conclusion using 

common clinical microscopy names from our quality-

controlled malaria centres. 

Manescu et al. [145] tell us while malaria parasite object 

location is a mediator step in accomplishing patient analysis, 

preparing deep learning object finders requires a huge number 

of expert manpower for training deep learning object detectors 

of marking a huge dataset of digitized TBF. 

Hung and Carpenter [146] suggested a smartphone-based, 

semi-automated system that examines blood smear pictures for 

malaria screening and has a straightforward user interface. An 

Android mobile app integrates several features, including 

picture collecting, image filtering, and the executives of the 

information collected. The cell phone is mixed with a 

magnifying instrument connector as displayed, which is a 

reasonable arrangement by the plan. Android cell phones and 

magnifying instruments are generally accessible in intestinal 

sickness centres. Furthermore, a connector is normally cheap. 

For reliable parasitemia assurance, Nakasi et al. [147] 

developed a start-to-finish deep learning method to 

computerize the containment and count of P. falciparum 

parasites and White Blood Cells (WBCs). On a collection of 

images with thick blood smears that had been remarked on, the 

approach involved building PC vision models. These deep 

learning models, such as Single Shot MultiBox Detector (SSD) 

models and Faster Regional Convolutional Neural Network 

(Faster R-CNN), which help manage the acquired 

computerized pictures, were used in their construction. 

Additionally, an adaptable mobile phone-based derivation 

application was used to quantify and transmit the suggested 

SSD model to identify in situ parasites that cause intestinal 

illness from WBCs. Yunda et al. [148] proposed a method for 

detecting Malaria parasites in dense blood film images is 

elucidated, integrating AGNES and Morphological Gradient 

techniques during image segmentation. Following wavelet-

based feature extraction, a neural network classification phase 

is applied, with Principal Component Analysis (PCA) utilized 

to reduce the feature set and optimize neural network 

efficiency. 

Tables 3 and 4 show mobile devices used to detect malaria 

in thick and thin smears. The results show that the devices to 

use for image acquisition with the help of mobile devices, the 

objectives, depend on those objectives, their observations, 

different parameters, and the corresponding analysis. In 2019, 

Aris et al. [149] scrutinized various chromatic constituents 

with the intent of ameliorating the efficacy of parasite 

enumeration predicated upon images of densely layered blood 

smears. Within the confines of this research inquiry, we have 

undertaken an exhaustive exploration of five discrete colour 

spaces, namely YCbCr, RGB, CMY, HSV, and HSL. 

Furthermore, we have diligently dissected and extracted eight 

distinct chromatic constituents, denoted as Y, Cb, R, G, C, M, 

S, and L, to ascertain the optimal chromatic attribute for the 

quantification of malaria parasites. It still needs work to create 

a deep learning model that can distinguish between actual 

parasites, pollutants, and artefacts in a way that is comparable 

to a human expert. In most cases, the technique does, 

nevertheless, allow for reliable case identification. If a blood 

cell is very likely to have a parasite, it may be said to be in the 

first stage of AI-based analysis, which is quicker and more 

precise than manual testing. The ability of a deep learning 

algorithm to distinguish between genuine parasites, pollutants, 

and artefacts in the same way as a human expert would require 

additional development. In most cases, the technique does, 

nevertheless, allow for reliable case identification. It may be 

described as the first artificial intelligence-based procedure 

that, faster and more accurately than manual testing, can 

indicate whether a blood cell is highly likely to contain a 
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parasite. Kundu et al. [150] inaugurated the OML-AMPDC 

methodology, integrating a bifold pre-processing strategy 

utilizing adaptive filtering and CLAHE for the dual purposes 

of noise eradication and contrast augmentation. The feature 

extraction entails the utilization of Local Derivative Radial 

Patterns (LDRP), while a random forest classifier is enlisted 

for the categorization of blood smear images. The fine-tuning 

of pivotal parameters through particle swarm optimization 

serves to refine and amplify the comprehensive classification 

efficacy of the random forest modality.  

Razin et al. [151] executed a Convolutional Neural Network 

(CNN) alongside the YOLOv5 algorithm to discern and 

categorize instances of malaria. Fuhad et al. [152] present a 

fully automated model grounded in Convolutional Neural 

Networks (CNN) for the diagnostic assessment of malaria 

using microscopic blood smear images. Employing a diverse 

array of methodologies, encompassing knowledge distillation, 

data augmentation, Autoencoder, CNN-based feature 

extraction, and subsequent classification using a Support 

Vector Machine (SVM) or K-Nearest Neighbors (KNN), the 

model undergoes meticulous training through three distinct 

procedures—termed general training, distillation training, and 

autoencoder training—to refine and elevate both accuracy and 

inference performance. 

 

Table 3. Identification of malaria utilizing mobile devices with microscopes in a thin blood smear 

 
Image 

Acquisition 

Device 

Author 
Sample 

Size 
AI Method 

Thin 

Strain 
Objective Sensitivity Specificity Accuracy 

F 

Score 
Observation 

Tensor Flow 

light model-
based mobile 

phone 

Fuhad et al. [152] 26161 
Automated 

CNN 
Gaimsa 

Leveraging a 
blood smear to 

automatically 
recognize the 

malaria parasite 

- - 99.23% - 

Making a quick 

and viable mobile 

app for the 
automated 

detection of 
malaria parasite 

Light 

microscope 
with a 

smartphone 

with adapter 
(USPA 2) 

Moallem et al. [142] 2967 
Customized 

CNN 
Gaimsa 

Cellphone to 

screen both thick 
and thin smear 

    The screening 

process is 
quicker, more 

predictable, and 

less reliant upon 
human aptitude. 

94.70% 99.20% 95.90% - 

Microscope 

with webcam 
Logitech C 270, 

Samsung tab 2 

&Sony DSC H1 
3D printers 

Oliveira et al. [141] 1332 - Gaimsa 

Distinguish the 

Plasmodium 
falciparum species 

in the ring 

transformative 
phase 

- - 91% - 

Minimal expense 

demonstrative 

apparatuses 
specially created 

for cell phones. 

CUDA enables 

a single 16 GB 
NVIDAI-----

P100 GPU with 

an Android 
malaria 

detection app 

Masud et al. [114] 27558 
Deep CNN 
with SGD 

Gaimsa 

Malaria 

identification 

using deep 
learning strategies 

in mobile 

healthcare 

- - 97.30% 90.70% 

Effectively & and 

accurately malaria 

parasite detection 
utilizing 

Convolution 

Neural Network 

Olympus CX 

31 with Canon 
EOS 500 D 

Kaewkamnerd et al. 

[80] 
20 - Giemsa 

creating a module 

for image capture 
and analysis 

- - 82.20% - 

model is equipped 
with automated 

units to precisely 

regulate the stage 
and objective 

focus point 

placements. 
Nokia N73 

mobile,3.2-

megapixel 
CMOS camera, 

an emission 

interference 
filter (Chroma 

D550/50m) 

Breslauer et al. 

[131] 
- - Gaimsa 

Construct a 

microscope 

operated by cell 
phone to image P. 

falciparum-

contaminated red 
blood cells in 

brightfield 

- - - - 

concentrate on the 
design and 

improvement of 

cell phones for 
capturing images 

          

 

Table 4. Identification of Malaria utilizing mobile devices with microscopes in a thin blood smear 

 
Image 

Acquisition 

Device 

Author 
Sample 

Size 
AI Method 

Thick 

Strain 
Objective Sensitivity Specificity Accuracy 

F 

Score 
Observation 

Light 

microscope, 

Smartphone, 
adapter 

(USPA2) 

Moallem et 

al. [142] 
2967 

Customized 

CNN 
Giemsa 

Cellphone to 
screen both 

thick and 

thin smear 

   

 

Focus on 

developing and 

designing cell 
phones that can 

take images. 

74.00% 79.33% 78.00% 

Microscope 

with Android 

phone 

version 7 

Yang et al. 

[44] 
1819 

Customized 

CNN 
Giemsa 

Malaria 
parasite 

recognition 

in thick 
blood spread 

92.59% 94.33% 93.46% 
93.40

% 

Screening with 
intensity-based 

ICMS and 

classifying each 

with the help of 

CNN 
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with the help 
of cell phone 

Microscope 

with a 3D 

adapter with 
mobile phone 

Quinin et al. 

[140] 
2903 Deep CNN Field 

Images of 

interactions 

using deep 

learning 

techniques 
on a server 

for remote 

discovery 

- - - - 

Pay close 

attention to how 

cell phone 

cameras are 
designed and 

improved 

Optical 

magnificatio

n printer type 
with 

smartphone 

Yunda et al. 

[148] 

WBC-
1935, 

Tropozyte-

352 

- Giemsa 

Create a 

mobile 

microscope 
that can 

capture 

brightfield 
images of P. 

falciparum-

contaminate
d red blood 

cells. 

93.8% (WBC) 
80.5% 

(WBC) 

- - 

Utilizing mobile 

devices to take 

images 
and analyze the

m 

98.2% 

(Tropo) 

72% 

(Tropo) 

Nokia N73 

mobile,3.2 
megapixel 

CMOS 

camera 

Breslauer et 

al. [131] 
- - Giemsa 

Build a 

smartphone 

microscope 

to take 
brightfield 

images of P. 
falciparum-

contaminate

d red blood 
cells. 

- - - - 

Images of 
interactions 

using deep 
learning 

techniques on a 

server for remote 
discovery 

 

 

13. RESULT AND PERFORMANCE ANALYSIS  

 

Table 5. Result and performance analysis 

 
Blood 

Smear and 

Staining 

Type 

Methodology Classification Method 
Performance 

Statistics 

Thin 

Giemsa 

[Light 

microscope] 

Preprocessing applied filtering [64, 116], Median filtering [9, 63, 92, 93, 111, 127], 

SUSAN [33, 78], Gaussian low pass filter [138], Morphological operation [96, 100, 147], 

Laplacian [93, 96, 145], Local histogram equalization [95, 96, 98, 127], Forward discrete 
curve [98], Low pass filter [99], linear model [109], Gray world colour normalization [62] 

K-means [67], Quaternion 

Fourier Transform (QFT) 

[44] Thresholding [84, 92, 
109, 129] Bayesian classifier 

[40, 100], Euclidean distance 

classifier [114], K-nearest 
Neighbors [99, 102, 147], K 

Mean [61], SVM [153], 
Decision tree [150], 

Template matching [130], 

Genetic algorithm [130], 
Support vector machine [9, 

96, 97, 102], Normalized 

cross-correlation [91], Deep 
learning [105], Nural 

network [131] 

Min sensitivity-

72.37, Max 
sensitivity-100 

[139], Min 
specificity-50 

[129], Max 

specificity-99.74 
[152] 

Segmentation technique-Otsu thresholding [96, 111, 127], Histogram [92, 95, 126, 131], 

Morphological [63, 100, 141, 147], Lookup table [99], Hough transform [110], K-means 
[34], Watershade [6], template matching [109], Active contour model [67, 143], Nural 

network [75], Fuzzy rule-based segmentation & Fuzzy divergence [96] 

Feature Type- Color, Morphological, Texture RGB [7, 8, 96, 110, 147,], HSV[126, 

127, 138, 141], LAB [102, 138], Intensity[45, 67, 111, 128], Color co-occurrence matrix 
[40, 109], Shape [32, 40, 92, 94, 96, 98, 103, 129, 133, 134, 139, 147] Moments [40, 46, 

64], Roundness ratio[131], Area granulometry[97, 147], Haralick [142], GLCM [103], 

LBP [142], Fractal [138], Gradient Texture [8, 69, 145], Gray level co-occurrence matrix 
[142, 103, 139], Entropy [64, 129], HoG [9] 

Thin 

Leishman 

[Light 

microscope] 

Pre-processing applied-grey world color normalization [12, 48, 71], Geometric mean 

[12, 61] 

Thresholding [144], 

Bayesian classifier [12, 61], 

Naive Bayes Tree [72, 103], 

Logistic regression [36] 
SVM [61], Nural network 

[71, 103], Fuzzy Interface 

System [101] 

Min sensitivity-

96.62, Max 

sensitivity-100, Min 

specificity-84.39 
[71], Max 

specificity-98.64 

[103] 

Feature Type-Color, Morphological, Texture-RGB [48], Intensity [103], Color co-

occurrence matrix [72], Moments [12, 71], Haralick [36], GLRLM (Gray level run length 

matrices) [71], GLCM [12], LBP [12, 71, 138], Fractal [138], Gray level co-occurrence 
matrix [61], Entropy [12, 71] 

Thick 

Giemsa 

[Light 

microscope] 

Preprocessing-Median- [66, 86], Laplacian spatial filter [41] 

K-Mean clustering [120], 

owed source games [8], 

SVM [130], Neural 
Networks [149] 

Minsensitivity-80.5 

[86], Max 

sensitivity-97.60 
[120], Min 

specificity-93.8 

[86], Max 
specificity-99.4 [8] 

Segmentation technique thresholding [86], Histogram thresholding [41, 65, 115], 

Morphological operator [76] 

Feature Type- Color, Morphological, Texture- RGB [86], HSV [41], Intensity [115, 

121], Haralick [130], Shape [65, 86, 130], moment [65, 130] 

Thick 

Leishman 

[Light 

microscope] 

Feature Type- Color, Morphological, Texture-LAB [82] 

K-Mean clustering [82] 

Naiive Bayes tree [31], 
Nearest mean classifier [82] 

Min sensitivity-

69% [152] Max 
sensitivity-100 [31] 

Min Specificity-

Max specificity-

98.64 [31] 
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Table 6. Comparative analysis of parameters 
 

Year Author Method Applied Accuracy Specificity Sensitivity F1 Score  Precision 

2013 Das et al. [34] SVM with Beslan Classifier .840 .981 .689 - - 

2016 Devi et al. [55] SVM, Naive Bayes, k-NN, ANN .9632 .9287 .9679 .8531 - 

2016 Liang et al. [104] Machine learning based CNN .9737 .9699 .9775 .9736 .9736 

2017 Bibin et al. [56] Deep Belief Network .963 .976 .959 - - 

2018 Gopakumar et al. [37] CNN .977 .971 .985 - - 

2019 Rajaraman et al. [112] VGG-19 and Squeeze Net .995 .971 .985 - - 

2020 Fuhad et al. [152] Automated CNN .9923 .9952 .9917 .9922 .9892 

2021 Irmak et al. [119] CNN .9528 .9550 .9500 - .9550 

 

From previous research work, we find some performance 

analyses. On the premise of those performances, we make a 

table named Table 5 which is displayed underneath. In the 

context of parameterization, we have constructed a 

comparative analysis tableau as delineated in Table 6 herein, 

thereby facilitating a discernment of superior attributes with 

relative ease. 

 

 

14. DISCUSSION 

 

Many individuals have died from the terrible disease 

malaria, and it poses a serious threat to many more. Beyond 

simply humans, it affects a variety of other animals. This 

particular illness even has the World Health Organization 

worried. To preserve a person's life, malaria must be 

discovered early. It may be possible to use this idea to help in 

malaria prevention. A big advancement in the current 

industrial revolution and digitalization might be made by this 

method of illness diagnosis and healthcare applications. AI 

approaches may be able to assist in some of the most 

challenging scenarios when used in conjunction with 

guidelines for society's advancement. Here we have discussed 

in this review article the most recent development in 

automated malaria identification with the help of machine 

learning techniques. This article benefits all by giving different 

procedures for malaria parasite detection to achieve a better 

and faster identification and detection mechanism. This is a 

unique area of examination that has seen a broad number of 

distributions somewhat recently. Nowadays, exact malarial 

parasite analysis has a high worth. Precise and quick 

conclusions are essential in combating malarial identification. 

Precise and quick conclusions is essential in combating 

malarial identification. The strategies mentioned here range 

from a fundamental level of image processing, feature 

extraction, and machine learning and smartphones with 

machine learning techniques involved in malarial parasite 

detection. Given the comprehensive acknowledgement of 

deep learning, the significance of a gigantic, explained data, 

image repository for training is widely comprehended, 

bringing about a decent help of data-obtaining endeavours. 

We also focus on current deep-learning techniques that give 

us a clearer view of the identification and detection of malaria 

parasites in blood smears. Very few articles have been 

published till now. Most of the paper explored thin blood 

smears utilizing deep learning techniques, but it is without any 

doubt that we’ll see articles for a thick blood smear. Automatic 

recognition of malaria infection has turned into an honest 

answer for the arrangement to beat different difficulties 

undifferentiated from emotional expectation and analysis. 

The innovation of the cell phone is held promise for medical 

diagnosis. An accurate and fast-paced examination of parasitic 

infections in a simplistic design is slated to receive widespread 

acceptance soon. Most of the papers explored thin blood 

smears utilizing deep learning techniques with mobile phones, 

but it is awful without any doubt that we’ll see articles for thick 

blood smears also very soon. Till now, laboratory detection of 

malaria parasites has been dependent on the standard 

microscope. In most cases in rural areas, modern microscopes 

are not available there. That’s why they rely upon 

conventional microscopes. In a conventional microscope, the 

lance quality is not up to mark. In that situation, if we attach a 

powerful mobile camera to the eyepiece of the microscope, 

which is far better than the standard microscope camera, we 

can get a better-quality image. From that, we easily identified 

parasite detection. Further investigations are needed to 

investigate the helpfulness of such devices for finding malaria 

in field conditions and clinical examples. Given these events, 

robotized microscopy is especially important in the race 

toward a modest, basic, and dependable technique for 

diagnosing malaria parasites. The difficulty of malaria 

detection in blood cells may be addressed using one of the 

most current AI-based approaches called deep learning. Deep 

learning helps to build reliable, usable, and effective solutions. 

An overview of the numerous methods and tactics that may be 

used to detect malaria accurately and effectively is provided 

by this study. A variety of different approaches and models 

have been used in multiple expert systems. This article also 

discusses the effectiveness of models put out by other 

researchers and offers a quicker, less costly, and more accurate 

method of detecting malaria than microscopic analysis. As part 

of the survey, many approaches are examined and understood. 

Examples of these techniques include machine learning, image 

processing, and deep learning. One of the best methods for 

obtaining data accuracy and cost-effectiveness is deep learning. 

Deep neural network technologies help to bring the 

demonstrated capabilities of learning computations closer to 

the level of human touch, transforming the way that people 

think about CAD from a tool for "moment conclusion" to one 

that is more collaborative. In this study, to identify and 

diagnose malaria, we carefully investigated and listed the 

unique deep-learning methodologies. Deep learning has 

achieved enormous success in many other fields, but its true 

promise in medical imaging has not yet been released. Ahead 

of clinical use, it is necessary to address fascinating issues 

associated with deep learning-based techniques for malaria 

detection and diagnosis. 

 

 

15. ISSUES ASSOCIATED WITH DEEP LEARNING-

BASED TECHNIQUES FOR MALARIA PARASITE 

DETECTION 

 

The lack of communication between the clinical and 

research professionals and data processing is a significant 

problem. Throughout the research phase, maintaining a solid 
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working relationship between clinical and research engineers 

can boost the likelihood of success. Clinical experts may offer 

advice on how to use current technology in clinical settings, 

and a team of computer engineers can creatively analyze 

research results using their specific knowledge. To create 

functional pictures of specific patients, researchers can 

connect the anatomical data acquired using state-of-the-art 

imaging technologies to computer models. The cross-

disciplinary cooperation with clinical management or 

marketing experts that might arise from malaria engineering 

and diagnostics could be advantageous. 

When using methods, we must consider factors like the data 

provided to us for the application since they will help us decide 

which strategies to utilize. The ability to apply deep learning 

models for their provided performance has considerably 

grown with the acquisition of labelled data. To prevent 

mistakes, noise, and missing numbers, labelling is carried out 

by a team of professionals. Therefore, human (experts) 

annotated data is necessary for a successful supervised 

learning strategy. 

Data Dependent, a key element is that deep learning models 

work well with large data sets. These models cannot learn from 

tiny datasets since it is impossible to train and evaluate them 

on such a small quantity of data. Therefore, with additional 

training data, these techniques may become successful. 

According to much research, data enrichment will be a 

solution to having a lot of data. However, it can need sampling 

overlapping picture patches or introduce noise to the images. 

Overfitting can occur if the enhanced samples are strongly 

correlated with one another. A common issue in statistical 

modelling and machine learning is overfitting. Additionally, 

errors come from local patches' inability to consider the 

image's overall spatial context. 

It is advised to compare these procedures using public 

datasets which is far better than ones gathered from clinics and 

hospitals if this study decides to compare methods to 

determine which is the most successful. A problem with the 

hospital-generated datasets that can't be utilized as input for 

deep learning methods. It might be difficult to use data from 

different institutions because of institutional variations in how 

patients are treated and how data is collected and coded. These 

models are hence rigid. This topic of normalization is what 

we're talking about. The main outcome of this investigation 

was the absence of general deep-learning models. 

The complexity and time trade-offs that various treatments 

considerably entail in the two primary treatment stages, the 

learning phase and the testing phase, are crucial to take into 

account. The application of deep learning models in medicine 

faces several difficulties due to their extensive 

parameterization, which makes it challenging to identify the 

precise factors that contribute to predictions and exacerbates 

the notion of model overfitting. It is practically hard to 

comprehend and describe more complex models. Machine 

learning algorithms are frequently employed to make 

judgements about a problem, but they are frequently unable to 

articulate the elements that impact their choice. Most deep 

learning and machine learning approaches are not particularly 

effective at explaining. 

 

 

16. CONCLUSION 

 

Powerful and productive malaria parasite identification and 

Machine learning procedures in minute blood smear images 

are, by and large, still needing impromptu creation and 

necessitate avoidance as well. In this situation, exact malarial 

parasitemia analysis and evaluating research has high worth. 

Precise and quick conclusions are essential in combating 

malarial sicknesses that cause a large number of passing 

around the world. Computerized recognition of malaria 

infection has turned into an open answer for an arrangement to 

beat different difficulties undifferentiated from emotional 

expectation and analysis. Most cell phone-based 

demonstrative gadgets have been tried in all-around controlled 

lab conditions. Further investigations are needed to investigate 

the helpfulness of such devices for the finding of malaria in 

field conditions and clinical examples. Imprecise findings and 

reviewing have caused enormous passing rates especially in 

kids worldwide and in tropical nations that prompt millions 

and more than 1,000,000 passing every year. The eventual fate 

of cell phones helped indicative innovations are promising and 

the far and wide reception of such advances is expected sooner 

rather than later for the precise and fast analysis of parasitic 

illnesses in a simple to-utilize design. 

The history of medicine has been significantly altered by 

machine learning and deep learning. The way that individuals 

save, handle, and analyze data to make better decisions has 

substantially altered as a result of these paradigms. These have 

also sparked studies towards the creation of technology that 

transforms quickly throughout time. Complex real-world 

issues can be solved using machine learning techniques. The 

significance of machine learning, in particular deep learning, 

is emphasized in this essay while discussing how to solve the 

difficult difficulties of malaria detection and categorization. 

This essay has provided a thorough analysis of each of these 

new paradigms by highlighting how they have improved the 

healthcare system. We provide some information about the 

various deep learning architectures, particularly convolutional 

neural networks. Additionally, we foresaw difficulties that 

hinder the effectiveness of deep learning models.  In our 

proposed article we will aggressively advocate for the use of 

artificial intelligence-based programs, particularly deep 

learning, to effectively combat malaria by preventing human 

deaths while using fewer resources. Future research may find 

it necessary to construct a pre-trained algorithm that has been 

modified and tailored on a benchmark dataset to simplify the 

default models and get the best results. If necessary, a clinical 

evaluation should compare how well clinicians perform using 

the newly developed system (CAD) to how well they use an 

existing instrument. As deep learning algorithms become more 

widely used, hardware support increases, and appealing deep 

learning method characteristics like robustness, 

generalizability, and expert-level accuracies become more 

apparent, we anticipate seeing an increase in the number of 

CAD systems for malaria detection and diagnosis. 
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