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Abstract— Because of insufficient medical specialists in some 

parts of the African and Asian continents, malaria patients' 

mortality rates have increased over the years. Since the people of 

regions generally suffer from malaria diseases, computer-aided 

detection (CAD) technology is required to decrease the number 

of casualties and reduce the waiting time for consulting by a 

Malaria specialist. This study shows the potential of transfer 

learning, a method of Deep Learning (DL) to classify the smeared 

blood of microscopic malaria cell images to determine whether it 

is parasitized or uninfected. This classification of malaria cell 

images will enhance the workflow of health practitioners at the 

frontline, especially microscopists, and provides them with a 

valuable alternative for malaria detection based on microscopic 

cell images. Although many technological advancements and 

evaluation techniques for identifying the infection exist, a 

microscopist at regions with limited resources faces challenges in 

improving diagnostic accuracy. We compared and evaluated a 

type of pre-trained CNN models, such as ResNet-50 and our 

appended Resnet-50+KNN. The experiment shows that our new 

model has the excellent capability and can perform better on 

malarial microscopic cell image classification with a higher 

accuracy rate of 98%. 

Keywords—malaria, deep learning, transfer learning, resnet-

50, microscopic cell images  

I. INTRODUCTION  

Modern technologies such as machine learning and deep 
learning models have been rising for several applications, such 
as computer-aided detection (CAD) and medical imaging. 
Detection and diagnostic tools significantly contribute to the 
medical personnel and assist them in their medical analysis and 
disease detection accurately and efficiently. 

Malaria is one of the most challenging health issues 
globally, especially in Africa and some Asian countries. The 
disease kills children, especially under the age of five and 
pregnant women in Africa. Most research has shown that 
children are prone to dying of malaria, particularly in Africa, 
where a child dies almost every minute. According to the 
World Malaria Report by the World Health Organization in 
2019 (WHO) indicated 229 million cases. The death rate of 
409,000 of all malaria incidences from 2000 to 2019, 

respectively, was recorded worldwide, as shown in Table I [1]. 
The casualties in Sub-Saharan Africa were higher, accounting 
for more than 90% of all global burden of malarial cases and 
deaths. Common malaria symptoms include fever, tiredness, 
headaches, and in some severe cases, seizures and comas, 
which can lead to death [1]. 

Plasmodium parasites cause malaria and spread to people 
through the bites of female Anopheles Mosquitoes that infect 
the erythrocytes. The disease can be cured if proper steps and 
tactical approaches are taken into account, mainly relying on 
the early detection of parasites [2]. The disease is commonly 
diagnosed by microscopic examination of erythrocytes using a 
peripheral blood smear [3]. Peripheral blood smear or blood 
films is a single drop of blood spread or smeared on a 
microscope slide and then stained in such a way to allow the 
various blood cells to be examined microscopically, as 
illustrated in Figure 1 [4]. 

 

Fig. 1.  Samples of blood films [4] 

There have been a significant number of studies in the 
literature to detect malarial parasites in a patient blood 
specimen, such as clinical diagnosis [5, 6], diagnosis by using 
the microscope in [7–12], a polymerase chain reaction as 
demonstrated in [13, 14] and diagnosis through rapid testing as 
seen in [15-17]. 
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Moreover, the traditional method remains the leading 
practice for laboratory confirmation of malaria [18].  The 
efficiency and accuracy of these methods of malaria diagnosis, 
like Clinical diagnosis (CD) and polymerase chain reaction 
(PCR), depend primarily on the vast experience and skills of 
the microscopist using a microscope for examining blood 
smears parasite-infected erythrocytes. 

 However, these techniques are inefficient, and to some 
extends, it is time-consuming. In addition, the high volume of 
cases in malaria epidemic areas, combined with a scarcity of 
skilled technicians, particularly in Africa, where malaria cases 
are much higher, can frequently cause delays in reporting the 
results and is critical for malaria treatment [19]. Moreover, the 
insufficient number of pathologists worldwide [20] severely 
impacts developing countries' healthcare systems, and malaria 
is no exception. Therefore, detecting the disease at an early 
stage with better accuracy is essential because it may assist in 
providing the medication to a diagnosed patient at an early 
stage of the disease. 

TABLE I.  NUMBER OF CASES AND ESTIMATED DEATHS RECORDED 

Year Estimated 
Cases 
Recorded 
(X000) 

Estimated 
Deaths 
Recorded 

2000 238000 736000 

2001 244000 739000 

2002 239000 736000 

2003 244000 723000 

2004 248000 759000 

2005 247000 708000 

2006 242000 716000 

2007 241000 685000 

2008 24000 638000 

2009 246000 620000 

2010 247000 594000 

2011 239000 545000 

2012 234000 517000 

2013 225000 487000 

2014 217000 471000 

2015 218000 453000 

2016 226000 423000 

2017 231000 422000 

2018 228000 411000 

2019 229000 409000 

 

This study focuses more on implementing a transfer 
learning-based model for malaria detection using microscopic 
cell images. The rest of this paper comprises a relevant 
literature review in section II. Section III discusses the 
materials and methods used in the research. The research 
analysis is handled in section IV. Finally, the conclusion of the 
paper is presented in section V. 

II. RELEVANT LITERATURE REVIEW  

This literature review is pertained to applying DL 
techniques to the task of malaria parasite detection. DL 
techniques received significant growing popularity for various 
application domains in computer vision, image segmentation, 
object detection, and localization recently. DL is a promising 

tool for automatically detecting malaria parasites from 
microscopic images. Convolutional Neural Network (CNN) 
received much attention from researchers recently. The 
experimental study of [21] evaluated the performance of three 
popular CNN models, namely, AlexNet [22], GoogleNet [23], 
and LeNet5 [24]. Moreover, they trained an SVM classifier for 
comparison. They concluded that CNN has an advantage over 
SVM in automatically learning image features capacity.  

The study of [25] presented and introduced the idea of 
CNN called Visual Geometry Graphics (VGG). Additionally, 
VGG-16 was developed in the proposed research work and 
improved on it to VGG-19. The experimental study of [26] 
yielded 97.37% model accuracy in detecting cell images using 
the 16_layered CNN model and claimed superiority over 
transfer learning models. The research proceeded by 
comparing the performance of the proposed model to that of 
the pre-trained CNN. Additionally, they claimed that in all 
model performance metrics, such as specificity, F1 Score, 
Sensitivity, precision, and Matthews correlation coefficient, the 
CNN model performed better on the malarial cell image 
classification over transfer learning, which achieved 91.99% on 
the same image data. 

In similar work [27], a new and powerful machine learning 
model was proposed based on CNN to classify single 
microscopic cell images from thin blood smears as either 
infected or uninfected. The experimental study of the authors 
reported 97% model accuracy. Finally, to determine the best 
layer of a pre-trained model for extracting features from 
underlying data on malaria parasites, the study of [28] 
evaluated the performances of AlexNet, VGG-16 [29], ResNet-
50 [30], Xception [31], DenseNet-121 [31], along with their 
custom-built model.  

Pre-trained networks have been proven to be very effective, 
especially when working with images. Therefore, they are 
usually utilized in transfer learning models or applications. 
Transfer learning (TL) is the knowledge and application of the 
already trained machine learning model to another but related 
problem. It is a way of using what has been learned to improve 
generalization in another task. Therefore, this concept of 
transfer learning is utilized in this work and has proven to be 
effective in detecting the presence of malaria parasites in 
blood-smeared microscopic cell images. In comparison, most 
studies in the literature focused on the application of machine 
learning (ML) or DL-based techniques, which have performed 
considerably well [26, 27]. This research study shows the 
potential of transfer learning in image classification, mainly 
microscopic malaria cell images. 

III. MATERIALS AND METHODS 

In this part of the research study, we use a publicly 
available dataset on the National Library of Medicine's official 
website 
https://lhncbc.nlm.nih.gov/LHCpublications/pubs/MalariaData
sets.html. 

Dataset consists of 27,558 image instances of malarial cells 
distributed evenly, containing blood smear images that fall into 
two classes: parasitized and uninfected malaria cells-
segmenting the data into parasitized and uninfected [31], using 
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a level set-based algorithm. A level set-based algorithm is a 
widely used algorithm that has made significant progress in 
image segmentation and the field of image processing [32]. 
However, due to the high computational power required and 
limited resources, we used 1000 random samples of 
microscopic malaria images in this proposed work. Malaria cell 
images were randomly selected, with 70%, 20%, and 10% of 
the data used for training, testing, and validation. 

 Fig. 2 shows some samples from the dataset containing 
uninfected and infected segmented erythrocytes detected, 
respectively, during the testing and training of the new model. 

Uninfected, 96.6% Parasitized, 99.7% Parasitized, 93.9%

Uninfected, 99.7% Parasitized, 94.8% Parasitized, 100%

 
Fig. 2.  Samples detected during training and testing 

In Fig. 3, a data flow diagram of testing and training of the 
process of ResNet+KNN is presented. To implement the 
ResNet50+KNN on the detection of malaria, using blood 
smear of microscopic cell images, we reduce the image sizes 
by resizing the images into a specific and uniform size that the 
ResNet50 will accept as input images. The model will then 
learn the features of the images at the Convolutional Layers of 
the Network (CLN). The learned features will then pass to the 
fully connected layer (FC) for classification as parasitized or 
uninfected. As the network was designed for 1000 classes and 
our problem contains only two classes, we modify the 
classification layer to output two parasitized or uninfected 
classes. In addition, the softmax activation function was 
replaced by sigmoid activation, which is the best activation 
function for binary classification. 

 

Fig. 3. A Data Flow Diagram of Testing and Training Process of 
ResNet+KNN 

A. Methodology 

The architecture of the proposed model is shown in Fig. 4. 
The performance is evaluated using confusion matrix metrics, 
which are performance measures that help us find the accuracy 
of our classifier. Our proposed model evaluated the four main 
performance measures: Accuracy, Sensitivity, Specificity, 
accuracy, and F1 Score.  

 
Fig. 4.  The architecture of the proposed model 

IV. RESULTS ANALYSIS 

This section gives details explanations of the results 
obtained in this experiment.  

A. Model Confusion Matrix 

The classification results of the proposed model are 
represented in the confusion matrix, as shown in Table II. At 
the same time, that of ResNet50 is presented in Table III. 
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TABLE II.  MODEL CONFUSION  MATRIX OF RESNET-50+KNN 

 Predicted Actual 

Parasitized 491 9 
 

Uninfected 15 485 

 

TABLE III.  MODEL CONFUSION MATRIX OF RESNET50 

 Predicted Actual 

Parasitized 456 44 

Uninfected 19 
 

481 

 

The confusion matrix in Table II and III, respectively, 
reports the count of : 

1) True positives: are parasitized microscopic malarial cell 
images  that were also predicted to be parasitized cell images  

2) True negatives: are uninfected malarial cell images and 
were also predicted to be uninfected cell images. 

3)  False positives: A microscopic cell image is 
parasitized, but the prediction said it did not. 

4) False negatives: are uninfected malarial cell images, but 
the prediction says that they were parasitized. 

 We evaluate the performance of the proposed model by 
calculating the different adopted evaluation metrics such as 
specificity, sensitivity, accuracy, and  F1 Score, as shown in  
Table IV. 

TABLE IV.  EVALUATION CRITERIA OF THE PROPOSED MODEL  

Metrics Measures 

Accuracy              
(TP + TN) / (TP + FP + FN + 
TN) 

Sensitivity (Recall)                     
TP / ( TP + FN ) 

Specificity                     

TN / ( TN + FP ) 

F1 Score 

 

2 ⁎  ( Sensitivity  ⁎  Precision )    
/  ( Sensitivity  +  Precision) 

 

 

TABLE V.  MODEL CONFUSION METRICS 

 Predicted 

 

Actual 

Parasitized 
 

True Positive (TP) False Positive (FP) 

Uninfected 
 

False Negative (FN) True Negative (TN) 

 

The adopted evaluation metrics were calculated from the 
obtained confusion matrices. The results are presented as 
shown in Table VI. 

TABLE VI.  PERFORMANCE OF PROPOSED MODEL 

Methods Accuracy Sensitivity Specificity F1 Score 

     
Resnet-50 93.7% 

 
93.8% 96.2% 93.7% 

Resnet-
50+KNN 

98.0% 98.2% 97.8% 98.0% 

 

From Table VI, sensitivity tells us what percentage of 
parasitized malarial cells were correctly identified. The result 
shows that ResNet50+KNN, 98.2% of the parasitized cell, was 
correctly identified, compared to Resnet50, with 93.7%. Thus, 
this tells us that our new proposed ResNet50+KNN is slightly 
better at correctly identifying positives, which in this case are 
parasitized malarial cell images.  

Specificity, tell us what percentage of uninfected malarial 
cell images were correctly identified. The result shows that, 
with ResNet50+KNN, 97.8% of the uninfected cell was 
correctly identified, compared to ResNet50 with 96.2% 
specificity. Therefore, this shows that our proposed 
ResNet50+KNN is slightly better at identifying uninfected 
malarial cell images. 

F1 Score measures the model accuracy on a dataset. Our 
proposed model performed better on the dataset, with an 
accuracy of 98%. Thus, in all of the performance metrics, the 
result shows that the new ResNet50+KK is a suitable solution 
for malaria detection and performs better than the model in the 
study of [26, 27].  

Accuracy measures the overall performance of the model. 
The proposed model attained a higher classification accuracy 
of 98.0% compared to ResNet-50, which gave an accuracy of 
93.7%. This shows that our model ResNet50+KNN 
outperforms ResNet-50. 

V. CONCLUSION  

This paper presents an improved transfer learning-based 
model for malaria classification using cell images. In this work, 
we used 1000 random samples of microscopic malaria images. 
Based on the above experiments, the result shows that our 
newly customized pre-trained transfer learning model 
(Resnet50-kNN) is a suitable solution for classifying blood 
smear of microscopic malarial cell images compared to 
building a CNN model from scratch. 

In Transfer Learning (TL), since the model has already 
been trained for a similar task, the learning/classification rate 
will be more accurate and faster. This is because we do not 
require large datasets to train the model. Thus, giving it an 
advantage over creating a model from scratch, which results in 
a significant loss in performance when used in a similar task, 
even though the task might still be related to the one it was 
trained before. Furthermore, this creates a gap because no 
knowledge is retained that can be transferred to another model. 
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However, in TL, one can leverage knowledge from previously 
trained models to train newer models and overcome the 
challenges of having fewer data and a longer training time 
when faced with a new task. 

This study will significantly improve malaria diagnosis both in 
efficiency and accuracy.  
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