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Abstract. Malaria remains an infectious disease that requires a fast and accurate diagnostic process, particularly in areas with limited
access to skilled microscopists. Microscopic examination as a conventional diagnostic method still has several limitations, including
dependence on the expertise of laboratory analysts, relatively long examination time, and the potential for interpretation errors. This
study aims to develop a malaria blood cell image classification system using a deep learning-based transfer learning approach with the
ResNet50V?2 architecture and to compare its performance with MobileNetV2 as the baseline model. The dataset used in this study was
the NIH Malaria Cell Images Dataset, consisting of 27,558 red blood cell images categorized into two classes: Parasitized and
Uninfected. The research stages included image preprocessing, data augmentation, dataset splitting with a 70:15:15 ratio, model training,
performance evaluation, and implementation of the best-performing model into a web-based application. The evaluation was conducted
using accuracy, precision, recall, F1-score, confusion matrix, and ROC-AUC metrics. The results showed that ResNet50V2 achieved
an accuracy of 93.76%, precision of 93.81%, recall of 93.76%, F1-score of 93.76%, and an AUC of 0.985. Meanwhile, MobileNetV2
obtained an accuracy of 93.06%, precision of 93.22%, recall of 93.05%, F1-score of 93.05%, and an AUC of 0.980. ResNet50V2 also
produced a lower number of false negatives than MobileNetV2, making it more suitable for supporting the detection of malaria-infected
blood cell images. The best-performing model was then implemented into a web-based application using Flask API. The findings
indicate that ResNet50V2 has the potential to be used as a decision support system for early malaria screening based on digital images,
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although further clinical validation is still required before implementation in real medical environments.
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I. INTRODUCTION

Malaria remains one of the infectious diseases that
contributes significantly to the global health burden,
particularly in tropical and subtropical regions. This disease is
caused by Plasmodium parasites, which are transmitted through
the bites of infected female Anopheles mosquitoes. Although
various malaria control programs have shown progress over the
past two decades, malaria transmission persists in many
endemic countries and continues to pose a high risk of
morbidity and mortality, especially among vulnerable
populations and communities with limited access to healthcare
services (Cibulskis et al., 2016; WHO, 2025). This condition
indicates that early detection and accurate diagnosis remain
essential components in malaria control.

Conventional malaria diagnosis is generally performed
through microscopic examination of thick and thin blood
smears. Microscopic examination allows laboratory personnel
to identify the presence of Plasmodium parasites, calculate
parasitemia levels, and distinguish parasite species based on
their morphological characteristics. However, this method has
several limitations, including dependence on the expertise of
analysts, relatively long examination time, vulnerability to
variations in smear quality, and the potential for interpretation
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errors due to observer fatigue or poor microscopic image
quality (Moody, 2002; Tangpukdee et al, 2009;
Wongsrichanalai et al., 2007). These challenges become more
significant in healthcare facilities with limited availability of
trained microscopists.

The development of digital image processing and artificial
intelligence has opened opportunities to develop medical
image-based diagnostic support systems. In this context, deep
learning has become a widely used approach because it can
automatically extract visual features without requiring manual
feature engineering. Convolutional Neural Network (CNN) has
been proven effective in various medical image classification
tasks, including lesion detection, skin disease classification,
organ segmentation, and microscopic image-based abnormality
identification (Esteva et al., 2017; LeCun et al., 2015; Litjens
et al., 2017; Topol, 2019; Yu et al., 2018). The ability of CNN
to learn layered visual patterns makes it relevant for
distinguishing infected and uninfected red blood cells.

Several previous studies have applied deep learning to
malaria classification based on blood smear images. Poostchi et
al. (2018) emphasized that image analysis and machine
learning have the potential to support automatic malaria
detection. Rajaraman et al. (2018) showed that the use of
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pretrained CNNs as feature extractors could improve parasite
detection performance in thin blood smear images. Gopakumar
et al. (2018) also demonstrated that the CNN approach can be
used for malaria diagnosis based on microscopic images. In
addition, Bibin et al. (2017) and Dong et al. (2017) showed that
deep learning models are capable of recognizing malaria
infection patterns in blood cell images with competitive
classification performance. These findings strengthen the
assumption that deep learning is feasible to be developed as a
digital image-based malaria diagnostic support system.

Nevertheless, the development of deep learning models for
malaria image classification still faces several methodological
challenges. First, variations in color, lighting, focus, and image
quality can affect the consistency of features learned by the
model. Second, very deep CNN models may encounter
performance degradation and vanishing gradient problems if
the training process is not properly designed. Third, model
evaluation often emphasizes accuracy only, whereas medical
classification requires more comprehensive measurements such
as precision, recall, F1-score, ROC-AUC, and confusion matrix
so that prediction errors can be analyzed more clearly (Bradley,
1997; Chicco & Jurman, 2020; Fawcett, 2006; Saito &
Rehmsmeier, 2015).

One architecture that is relevant for addressing problems in
deep networks is the Residual Network (ResNet). ResNet
introduces a skip connection mechanism that enables
information flow to bypass several layers directly, making the
optimization process more stable in deeper networks (He et al.,
2016a). Further development through identity mapping and
pre-activation in ResNetV2 helps improve gradient flow during
the training process (He et al., 2016b). In this study,
ResNet50V2 was used as the main architecture because it has
strong feature extraction capability, stable training
performance, and suitability for the transfer learning approach.
Transfer learning itself enables a model to utilize initial weights
from large-scale datasets such as ImageNet, making the
training process on relatively limited medical datasets more
efficient (Deng et al., 2009; Pan & Yang, 2010).

In addition to selecting the main architecture, the use of a
comparison model is necessary to evaluate the effectiveness of
the proposed model more objectively. MobileNetV2 was
selected as the baseline because it is a lightweight CNN
architecture designed with inverted residuals and linear
bottlenecks, making it computationally efficient and commonly
used in resource-constrained applications (Sandler et al., 2018).
The comparison between ResNet50V2 and MobileNetV2 is
important to determine whether a model with deeper feature
extraction capacity can provide meaningful performance
improvement compared to a lightweight model. Furthermore,
preprocessing and data augmentation are also important stages
because they can improve input consistency, enrich training
data variation, and help reduce the risk of overfitting (Shorten
& Khoshgoftaar, 2019).

Based on the above discussion, there remains a research gap
in the development of malaria classification systems that not
only focus on model accuracy but also integrate preprocessing,
data augmentation, transfer learning, multi-metric evaluation,
model comparison, and structured web-based system
implementation. Several previous studies have demonstrated

OPEN#  ACCESS

the potential of deep learning in malaria classification;
however, studies that specifically use ResNet50V2 as the main
model, compare it with MobileNetV2, and implement the best-
performing model into a web-based system still need to be
further developed.

Therefore, this study aims to develop a malaria blood cell
image classification system using the ResNet50V2 architecture
based on transfer learning. This study also analyzes the effect
of preprocessing and data augmentation on model performance,
evaluates classification results using accuracy, precision, recall,
F1-score, confusion matrix, and ROC-AUC, and compares the
performance of ResNet50V2 with MobileNetV2 as the baseline
model. The final outcome of this study is expected to contribute
to the development of an accurate, efficient, and applicable
digital image-based malaria diagnostic support system.

1L RESEARCH METHODS

This study used an experimental quantitative approach
based on deep learning to develop a malaria blood cell image
classification system. The study focused on binary
classification, namely distinguishing between malaria-infected
red blood cell images (parasitized) and uninfected red blood
cell images (uninfected). In general, the research stages
included dataset collection, image preprocessing, data
augmentation, dataset splitting, ResNet50V2 model design,
model training, performance evaluation, comparison with the
MobileNetV2 baseline model, and implementation of the
model into a web-based application.

Research Dataset

The dataset used in this study was the Malaria Cell Images
Dataset from the National Institutes of Health (NIH). This
dataset consists of 27,558 microscopic red blood cell images,
which are evenly divided into two classes: 13,779 parasitized
images and 13,779 uninfected images. This dataset was used
because it has been widely utilized in image-based malaria
classification studies and has undergone class labeling, making
it suitable for the development of an automatic classification
model based on deep learning (Rajaraman et al., 2018).

The entire dataset was divided into three subsets, namely
training data, validation data, and testing data. The dataset was
split into 70% training data, 15% validation data, and 15%
testing data. Based on this division, the training data consisted
of 19,290 images, while the validation and testing data each
consisted of 4,134 images. The data split was performed using
a stratified split approach to maintain a balanced distribution of
the parasitized and uninfected classes in each subset.

Data Preprocessing and Augmentation

The preprocessing stage was carried out to standardize the
image format before being fed into the model. Each image was
resized to 224 x 224 pixels with three RGB color channels to
match the input size required by the ResNet50V2 and
MobileNetV2 architectures. The pixel values were then
normalized to the range of 0—1 to support a more stable and
efficient model training process.

In addition to preprocessing, this study also applied data
augmentation to the training data. The augmentation techniques
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used included rotation, flipping, zooming, and brightness
adjustment. Augmentation was performed to enrich the visual
variation of the images without changing their original class
labels. This strategy aimed to reduce the risk of overfitting and
improve the model’s generalization ability on new images.
Data augmentation is a commonly used approach in image
model training because it can increase training data variation
and strengthen model robustness against visual changes in
testing data (Shorten & Khoshgoftaar, 2019).

ResNet50V2 Model Design

The main model used in this study was ResNet5S0V2 with a
transfer learning approach. ResNet50V2 was selected because
it has a residual learning mechanism that can address
performance degradation problems in deep neural networks.
The ResNet architecture uses skip connections to maintain the
flow of information and gradients during the training process,
allowing the model to learn more stably (He et al., 2016a).
ResNet50V2 is an improved version of ResNet that applies
identity mapping and pre-activation, which are designed to
improve the effectiveness of deep network training (He et al.,
2016b).

In this study, ResNet50V2 was used as a feature extractor
with the include top=False configuration, meaning that the
original classification layer was removed. Input images with a
size of 224 x 224 x 3 were processed through the ResNet50V2
base model to extract visual features. The extracted features
were then passed to a GlobalAveragePooling2D layer to reduce
feature dimensions. After that, a Dense layer with 128 neurons
and the ReLU activation function was added to learn advanced
feature patterns. A Dropout layer with a rate of 0.5 was used to
reduce the risk of overfitting, while the final layer used the
softmax activation function to generate classification
probabilities for the two classes, namely parasitized and
uninfected. Dropout was applied as a regularization technique
to reduce dependency among neurons during the training
process (Srivastava et al., 2014).

MobileNetV2 Comparison Model

This study also used MobileNetV2 as a comparison model
or baseline. MobileNetV2 was selected because it is a
lightweight CNN architecture designed for computational
efficiency through inverted residuals and linear bottlenecks
(Sandler et al., 2018). The use of MobileNetV2 as a baseline
aimed to determine the extent to which ResNet50V2, as the
main model, performed compared to a lighter and more
efficient model.

To ensure a fair comparison, ResNet50V2 and
MobileNetV2 were trained using the same dataset,
preprocessing procedure, augmentation scheme, data split, and
training parameters. Therefore, the performance differences
obtained could be attributed to the characteristics of each model
architecture rather than differences in data treatment or training
configuration.

Model Training

The model training process was carried out using
TensorFlow and Keras. The models were trained for a
maximum of 50 epochs with a batch size of 32. The optimizer

OPEN#  ACCESS

used was Adam with a learning rate of 0.001. Adam was
selected because it can adaptively adjust the learning rate based
on the first and second moment estimates of the gradients,
making it effective for optimizing deep learning models
(Kingma & Ba, 2015).

The loss function used was categorical crossentropy
because the classification task involved two classes with labels
represented using one-hot encoding. During training, model
performance was monitored based on loss and accuracy values
on the training and validation data. To prevent overfitting, an
early stopping technique was applied with a patience value of
5 based on the validation loss. If the validation loss did not
decrease for five consecutive epochs, the training process was
automatically stopped.

Model Evaluation

Model evaluation was conducted using testing data that
were not used during the training or validation process. The
evaluation aimed to objectively measure the model’s ability to
classify new images. The evaluation metrics used included
accuracy, precision, recall, F1-score, confusion matrix, and
ROC-AUC. The use of multiple metrics was important because
evaluation of medical classification models should not rely
solely on accuracy but should also consider positive and
negative prediction errors (Bradley, 1997; Fawcett, 2006; Saito
& Rehmsmeier, 2015).

Accuracy was used to measure the proportion of correct
predictions among all testing data. Precision was used to
measure the correctness of positive predictions made by the
model. Recall was used to determine the model’s ability to
detect all actual positive cases. F1-score was used to evaluate
the balance between precision and recall. The confusion matrix
was used to examine the distribution of correct and incorrect
predictions in each class, while ROC-AUC was used to assess
the model’s ability to distinguish between the parasitized and
uninfected classes.

Accuracy = M A 2
TP+ TN 4 FP 4 FN

e

TP+ FP
TP
TP + FN

Precision =

Recall =

¥1:g00r0:= Precigion x Recall
Precision + Recall
Figure 1. Evaluation formulas for the classification model
In Figure 1, TP (True Positive) refers to the number of
malaria-infected blood cell images correctly predicted as
infected. TN (True Negative) refers to the number of uninfected
blood cell images correctly predicted as uninfected. FP (False
Positive) refers to the number of uninfected blood cell images
incorrectly predicted as infected. FN (False Negative) refers to
the number of malaria-infected blood cell images incorrectly
predicted as uninfected.

Web-Based System Implementation

The best-performing trained model was implemented into a
web-based application using a client-server architecture. The
system backend was developed using Flask API, while the user
interface was built using HTML, CSS, and JavaScript. Flask
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served as a bridge between the web interface and the trained
deep learning model.

The system workflow begins when a user uploads a blood
cell image through the web interface. The uploaded image is
then sent to the Flask backend using the HTTP POST method.
The backend performs image preprocessing, including resizing,
normalization, and input format adjustment to match the model
requirements. After that, the image is processed by the model
to generate a class prediction. The prediction result is then sent
back to the web interface in the form of a class label and a
confidence score.

This system was designed as an artificial intelligence-based
support tool for malaria blood cell image classification. The
classification results displayed by the system are not intended
to replace medical diagnosis but rather to serve as a decision
support system that can assist in early screening based on
digital images.

III. RESULTS AND DISCUSSION

Results

This study used the Malaria Cell Images Dataset from the
National Institutes of Health (NIH), which consists of
microscopic red blood cell images categorized into two classes:
Parasitized and Uninfected. The Parasitized class represents
red blood cell images infected with malaria parasites, while the
Uninfected class represents red blood cell images without
malaria infection. The number of images in both classes was
balanced, with 13,779 images in the Parasitized class and
13,779 images in the Uninfected class, resulting in a total of
27,558 images.

The balanced distribution of data between the two classes is
an important aspect of this study because it can reduce the risk
of model bias toward one particular class. An imbalanced
dataset may cause the model to recognize the majority class
more dominantly than the minority class. In the context of
malaria classification, balanced data distribution supports the
learning process by enabling the model to recognize visual
patterns from both classes more proportionally.

The dataset was then divided into three subsets: training
data, validation data, and testing data, using a ratio of
70%:15%:15%. This division resulted in 19,290 images for
training, 4,134 images for validation, and 4,134 images for
testing. The distribution of data in each subset was maintained
equally between the Parasitized and Uninfected classes so that
the training, validation, and testing processes could be
conducted objectively.

Table 1. Dataset split

Subset Parasitized | Uninfected | Total
Training 9,645 9,645 19,290
Validation | 2,067 2,067 4,134
Testing 2,067 2,067 4,134
Total 13,779 13,779 27,558

Before the model training process, all images underwent a
preprocessing stage. This stage included resizing images to 224
x 224 pixels, normalizing pixel values to the range of 0—1, and
improving image quality. The image size of 224 x 224 pixels
was used because it corresponds to the input format required by
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the  ResNet50V2 and  MobileNetV2  architectures.
Normalization was performed to stabilize the training process,
while image enhancement was applied to help the model
recognize relevant visual patterns in blood cell images.

In addition to preprocessing, data augmentation was also
applied to the training data. The augmentation techniques
included rotation, position shifting, zooming, and brightness
adjustment. The augmentation results showed that each
transformation produced image variations different from the
original images. Combined augmentation produced the highest
variation, with a Mean Absolute Difference (MAD) value of
0.393, while rotation produced the smallest change, with an
MAD value of 0.060. These results indicate that augmentation
successfully enriched the visual variation of the training data
without changing the image class labels.

The training stage was conducted using two transfer
learning models: ResNet50V2 as the main model and
MobileNetV2 as the comparison model. Both models were
trained using the same configuration to ensure a fair
performance comparison. The main parameters included an
input image size of 224 x 224 x 3, a maximum of 50 epochs, a
batch size of 32, the Adam optimizer, a learning rate of 0.0001,
categorical crossentropy as the loss function, and early
stopping with a patience value of 10.

During the training process, ResNet50V2 showed more
stable performance than MobileNetV2. ResNet50V2 reached
its optimal performance at the 11th epoch, with a training
accuracy of 92.63%, a validation accuracy of 95.23%, a
training loss of 0.1978, and a validation loss of 0.1348.
Meanwhile, MobileNetV2 reached its optimal performance at
the 15th epoch, with a training accuracy of 92.38%, a
validation accuracy of 93.86%, a training loss of 0.2115, and a
validation loss of 0.1664.

Table 2. Comparison of optimal epochs between models

Model Opti | Traini | Traini | Validat | Validat
mal ng ng ion ion
Epoc | Loss Accura | Loss Accura
h cy (%) cy (%)

ResNet50 | 11 0.197 |92.63 | 0.1348 | 95.23

V2 8

MobileNe | 15 0.211 |92.38 | 0.1664 | 93.86

tV2 5

These results show that ResNet50V2 was able to achieve its
best performance in fewer epochs than MobileNetV2. The
lower validation loss of ResNet50V2 indicates that the model
had better generalization ability on the validation data. In
addition, the higher validation accuracy suggests that the
feature representations learned by ResNet50V2 were more
effective in distinguishing between malaria-infected and
uninfected blood cell images.

The final evaluation was conducted using 4,134 testing
images. The testing results showed that ResNet50V2 achieved
an accuracy of 93.76%, precision of 93.81%, recall of 93.76%,
and F1-score of 93.76%. Meanwhile, MobileNetV2 achieved
an accuracy of 93.06%, precision of 93.22%, recall of 93.05%,
and F1-score of 93.05%.

Table 3. Comparison of model evaluation metrics
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Metric ResNet5S0V2 (%) | MobileNetV2 (%)
Precision | 93.81 93.22
Recall 93.76 93.05
F1-Score | 93.76 93.05
Accuracy | 93.76 93.06

Based on Table 3, ResNet50V2 achieved higher scores
across all evaluation metrics compared to MobileNetV2. The
accuracy difference between the two models was 0.70%, with
ResNet50V2 achieving 93.76% and MobileNetV2 achieving
93.06%. Although the difference was not substantial, the
performance improvement of ResNet5S0V2 was consistent
across precision, recall, F1-score, and accuracy. This indicates
that ResNet50V2 demonstrated more stable classification
performance than the comparison model.

A more detailed analysis was conducted using a confusion
matrix. In the ResNet50V2 model, 1,905 Parasitized images
were correctly classified as Parasitized, while 1,971 Uninfected
images were correctly classified as Uninfected. The model
produced 96 false positives and 162 false negatives. Thus, the
total number of correct predictions obtained by ResNet50V2
was 3,876 out of 4,134 testing images.

Table 4. Confusion matrix of ResNet50V2

Actual Predicted Parasitized | Predicted Uninfected
Parasitized | 1,905 162
Uninfected | 96 1,971

In MobileNetV2, 1,861 Parasitized images were correctly
classified as Parasitized, while 1,986 Uninfected images were
correctly classified as Uninfected. This model produced 81
false positives and 206 false negatives. The total number of
correct predictions obtained by MobileNetV2 was 3,847 out of
4,134 testing images.

Table 5. Comparison of confusion matrix results between
ResNet50V2 and MobileNetV2

Component ResNet5S0V2 | MobileNetV2
True Positive (TP) 1,905 1,861

True Negative (TN) 1,971 1,986

False Positive (FP) 96 81

False Negative (FN) 162 206

Total Correct Predictions | 3,876 3,847
Accuracy (%) 93.76 93.06

Based on Table 5, ResNet50V2 produced fewer false
negatives than MobileNetV2, with 162 compared to 206
images. In the context of malaria detection, false negatives are
a critical type of error because they indicate blood cell images
that are actually infected but are predicted as uninfected. The
lower number of false negatives in ResNet50V2 indicates that
this model had better infection detection capability than
MobileNetV2.

In addition to the confusion matrix, model performance was
also evaluated using ROC-AUC. ResNet50V2 obtained an
AUC value of 0.985, while MobileNetV2 obtained an AUC
value of 0.980. Both values indicate very strong class
discrimination ability because they are close to the maximum
value of 1.00. However, the slightly higher AUC value of
ResNet50V2 shows that this model had better capability in
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distinguishing between the Parasitized and Uninfected classes
across various classification thresholds.

The ResNet50V2 model, which achieved the best
performance, was then implemented into a web-based
application. The system was developed using Flask API as the
backend and HTML, CSS, and JavaScript as the frontend
interface. This application allows users to upload blood cell
images through a browser. The system then performs
preprocessing, model inference, and displays the classification
result as either Parasitized or Uninfected, along with the
confidence score. The implementation testing results showed
that the system was able to provide real-time predictions with
an inference time of approximately 1-2 seconds per image,
depending on server conditions and the uploaded file size.

Discussion

The results of this study indicate that ResNet50V2 with a
transfer learning approach was able to achieve strong
classification performance on the malaria blood cell image
dataset. An accuracy of 93.76%, precision of 93.81%, recall of
93.76%, and F1-score of 93.76% show that the model not only
achieved a high rate of correct predictions but also maintained
a balance between the accuracy of positive predictions and the
ability to detect truly infected images. In the context of medical
image classification, the balance between precision and recall
is important because the model is not only expected to achieve
high accuracy but also to minimize classification errors in the
positive class.

This finding is consistent with the study by Rajaraman et al.
(2018), which showed that the use of pretrained CNNs as
feature extractors could improve malaria parasite detection
performance in thin blood smear images. The results of this
study also support the review by Poostchi et al. (2018), which
stated that the combination of image analysis and machine
learning has strong potential to support automatic malaria
detection. Therefore, the use of ResNet50V2 in this study
strengthens empirical evidence that transfer learning can be
effectively applied to medical image classification, particularly
in microscopic malaria blood cell images.

The higher performance of ResNet5S0V2 compared to
MobileNetV2 can be explained by the characteristics of the
residual network architecture. ResNet uses a skip connection
mechanism that allows information and gradients to flow more
effectively in deep networks (He et al., 2016a). In ResNet50V2,
the use of identity mapping and pre-activation residual blocks
helps improve training stability and gradient propagation (He
et al., 2016b). These characteristics enable the model to learn
more complex visual features, such as texture, shape, color
intensity, and parasite patterns in red blood cells.

In contrast, MobileNetV2 was designed as a lightweight
architecture that prioritizes computational efficiency through
inverted residuals and linear bottlenecks (Sandler et al., 2018).
Therefore, the slightly lower performance of MobileNetV2
compared to ResNet50V2 is understandable because this model
was designed to balance accuracy and efficiency. In this study,
MobileNetV2 still demonstrated good performance with an
accuracy of 93.06%, but ResNet50V2 outperformed it in terms
of accuracy, recall, F1-score, and AUC. This indicates that for
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malaria image classification tasks where performance is the
main priority, ResNet50V2 is more suitable as the main model.

The preprocessing and data augmentation stages also played
an important role in model performance. Resizing images to
224 x 224 pixels ensured input compatibility with the model
architecture, while normalization helped stabilize the learning
process. Augmentation through rotation, shifting, zooming, and
brightness adjustment enriched the variation of the training
data. This is in line with Shorten and Khoshgoftaar (2019), who
explained that image augmentation can increase data diversity,
reduce the risk of overfitting, and improve model
generalization. In this study, combined augmentation produced
the greatest image variation based on MAD values, allowing
the model to learn from broader visual variations during
training.

The confusion matrix results show that ResNet50V2
produced 162 false negatives, fewer than MobileNetV2, which
produced 206 false negatives. This finding is important because
a false negative in malaria detection means that a blood cell
image that is actually infected is classified as uninfected. In the
context of a diagnostic support system, this type of error is more
critical than a false positive because it may cause an infection
to go undetected. Therefore, the higher recall of ResNet5S0V2
compared to MobileNetV2 indicates that the main model had
better sensitivity in detecting malaria-infected images.

The AUC value of 0.985 obtained by ResNet50V2 further
strengthens the evaluation results, indicating that the model had
excellent class discrimination capability. According to Fawcett
(2006), ROC-AUC is an important metric for evaluating the
ability of a model to distinguish classes across various
classification thresholds. In addition, Saito and Rehmsmeier
(2015) emphasized that classification model evaluation should
not rely solely on accuracy, particularly when errors in certain
classes have important consequences. Therefore, the use of
accuracy, precision, recall, F1l-score, confusion matrix, and
ROC-AUC in this study provides a more comprehensive
overview of model performance.

Compared with previous studies, the performance of
ResNet50V2 in this study is in a good category and is consistent
with the trend of using deep learning for malaria classification.
Gopakumar et al. (2018) showed that CNNs can be used for
malaria diagnosis based on microscopic images, while Dong et
al. (2017) demonstrated that deep convolutional neural
networks can automatically identify malaria-infected cells.
This study extends those findings by using ResNet50V2 as the
main model, MobileNetV2 as the baseline model, and adding a
web-based implementation as a form of system deployment.

Nevertheless, this study has several limitations. First, the
dataset used was obtained from the public NIH dataset, so the
model’s performance may not directly represent image
conditions from different healthcare facilities with variations in
microscope devices, staining procedures, and lighting quality.
Second, this study only performed binary -classification
between Parasitized and Uninfected, so it did not include the
identification of Plasmodium species or parasitemia levels.
Third, the web implementation remains at the prototype stage
and has not yet undergone clinical validation with healthcare
professionals.
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Overall, the results of this study demonstrate that
ResNet50V2 is an effective architecture for malaria blood cell
image classification. This model achieved better performance
than MobileNetV2 in almost all evaluation metrics, particularly
in reducing the number of false negatives. The web-based
implementation also shows that the model can be applied to an
accessible and responsive system. Therefore, the developed
system has the potential to be used as a prototype of a digital
image-based early malaria screening support tool, although
further validation using independent datasets and clinical
testing is still required before being applied in real medical
practice.

IV.CONCLUSIONS

Based on the research findings, the application of deep
learning based on transfer learning using the ResNet50V2 and
MobileNetV2 architectures proved capable of effectively
classifying malaria blood cell images on the NIH Malaria Cell
Images Dataset. Both models were able to distinguish between
malaria-infected blood cell images (Parasitized) and
uninfected blood cell images (Uninfected) with an accuracy
level above 93%. These results indicate that the transfer
learning approach can be optimally utilized in medical image
classification, particularly in malaria detection based on
microscopic images.

The evaluation results show that ResNet50V2 outperformed
MobileNetV2 in almost all evaluation metrics. ResNet50V2
achieved an accuracy of 93.76%, precision of 93.81%, recall
of 93.76%, F1-score of 93.76%, and an AUC value of 0.985.
Meanwhile, MobileNetV2 achieved an accuracy of 93.06%,
precision of 93.22%, recall of 93.05%, Fi-score of 93.05%,
and an AUC value of 0.980. The superiority of ResNet50V2
was also reflected in its lower number of false negatives,
indicating that this model performed better in detecting blood
cell images that were truly infected with malaria.

The implementation of preprocessing and data
augmentation also contributed to improving the generalization
capability of the model. Image resizing, pixel value
normalization, and augmentation techniques such as rotation,
shifting, zooming, and brightness adjustment helped the model
learn visual variations more effectively and reduce the risk of
overfitting. In addition, the implementation of the model into a
web-based application demonstrated that the research
outcomes were not limited to computational experiments but
could also be applied as an accessible and usable prototype for
malaria image classification.

Overall, this study shows that ResNet50V2 is a more
suitable architecture than MobileNetV2 for malaria blood cell
image classification tasks, particularly when the main objective
is to achieve more accurate classification performance and
higher sensitivity toward infection cases. The developed system
has the potential to serve as a digital image-based early malaria
screening support tool; however, it is not intended to replace
medical diagnosis by professional healthcare personnel.

Recommendations

This study still has several limitations that need to be
considered. The dataset used was limited to the NIH Malaria
Cell Images Dataset, so the image characteristics may not fully
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represent variations from different healthcare facilities,
microscope types, staining techniques, and lighting conditions.
In addition, the developed system was limited to binary
classification, namely Parasitized and Uninfected, and
therefore has not yet been able to identify Plasmodium species,
parasite developmental stages, or parasitemia levels. The model
used also remains a black box, meaning that its decision-
making process cannot yet be explained in detail without
additional interpretability methods.

Based on these limitations, future research is recommended
to use more diverse datasets from multiple clinical sources so
that the generalization ability of the model can be evaluated
more broadly. Multi-class classification should also be
developed so that the system can not only distinguish infected
and uninfected images but also identify Plasmodium species or
malaria infection stages. Furthermore, future studies may
evaluate more advanced deep learning architectures, such as
EfficientNet, DenseNet, ConvNeXt, Vision Transformer, or
Swin Transformer, to explore potential improvements in
classification performance.

The use of Explainable Artificial Intelligence methods such
as Grad-CAM, LIME, or SHAP is also recommended so that
the image regions used as the basis for the model’s decisions
can be visualized and interpreted more clearly. This is
important for improving model transparency, especially if the
system is further developed as a support tool in the healthcare
field. In addition, clinical validation involving doctors,
laboratory analysts, or healthcare professionals should be
conducted before the system is implemented in real medical
environments. Further development into a mobile application,
cloud-based service, or integration with health information
systems may also be considered to make the system more
applicable and accessible.
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