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Abstract 

Malaria remains a major global health challenge, 

particularly in tropical and subtropical regions, 

where timely and accurate diagnosis is critical for 

reducing mortality rates. Traditional microscopic 

diagnosis is often limited by human error, time 

consumption, and reliance on expert interpretation. 

This study presents a deep learning-based approach 

for automated malaria detection using a custom 

Convolutional Neural Network (CNN) trained on 

the NIH dataset-derived fromKaggledatabase 

containing malaria cell image consisting of 27,558 

labelled images. The proposed model incorporates 

data preprocessing, augmentation, and a hierarchical 

CNN architecture with batch normalization and 

dropout regularization to improve generalization and 

reduce over fitting. Experimental results 

demonstrate that the model achieves a peak 

accuracy of 96.41%, with an AUC of 0.9922 and 

Cohen’s Kappa of 0.9282, indicating strong 

classification performance and high agreement 

beyond chance. Comparative analysis with existing 

studies shows that the model is competitive with 

state-of-the-art approaches while maintaining lower 

architectural complexity. The findings confirm that 

carefully optimized CNN models can provide 

reliable, efficient, and scalable solutions for malaria 

diagnosis in resource-constrained environments. 

 

I. Introduction 
Malaria is a life-threatening infectious 

disease caused by Plasmodium parasites and 

transmitted through the bites of infected Anopheles 

mosquitoes. Despite global control efforts, it 

continues to pose a significant public health burden, 

particularly in low- and middle-income countries. 

According to recent studies, malaria diagnosis 

remains heavily dependent on microscopic 

examination of blood smears, a process that is both 

time-consuming and susceptible to human error, 

especially in resource-limited settings.In recent 

years, artificial intelligence (AI), particularly deep 

learning, has emerged as a powerful tool for medical 

image analysis. Convolutional Neural Networks 

(CNNs) have demonstrated exceptional capability in 

extracting hierarchical features from medical 

images, making them highly suitable for malaria cell 

classification tasks. Several studies have explored 

different CNN architectures and hybrid approaches 

to improve diagnostic accuracy. For instance, 

Kumar et al. (2025) proposed a lightweight CNN 

combined with out-of-distribution detection, 

achieving a combined accuracy of 99.5%, while 

Singh (2024) applied transfer learning using 

ResNet50 and achieved 97.8% accuracy with strong 

classification performance. Similarly, Siłka et al. 

(2023) reported an accuracy of 99.68% using an 

advanced CNN architecture, highlighting the 

potential of deep learning in achieving near-expert-

level performance in malaria detection.Other 

studies, such as Albukhnefis (2024), demonstrated 

that CNNs outperform traditional machine learning 

models like SVM and decision trees, while Sibinraj 

et al. (2024) and Osuji et al. (2022) further 
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confirmed the feasibility of deploying CNN-based 

systems for automated malaria diagnosis, including 

mobile-based applications for real-time use.Despite 

these advancements, challenges remain in balancing 

model complexity, computational efficiency, and 

generalization performance. Many high-accuracy 

models rely on transfer learning or hybrid systems, 

which may not always be suitable for deployment in 

low-resource environments. This study addresses 

this gap by developing a custom CNN architecture 

without transfer learning, focusing on optimized 

preprocessing, data augmentation, and 

hyperparameter tuning to achieve reliable malaria 

classification performance. 

 

II. Methodology 
2.1 Dataset Description 

The dataset used in this study was obtained 

from Kaggle and consists of microscopic cell 

images for malaria detection. It is organized into 

two classes: Infected (Parasitized) and Uninfected, 

with a total of 27,558 labelled images distributed 

across both categories. Each image represents an 

individual red blood cell used for binary 

classification of malaria infection status.The dataset 

originates from the official National Institutes of 

Health (NIH) malaria repository and was made 

publicly available to facilitate research in automated 

malaria detection systems. It was originally hosted 

at the NIH website 

(https://ceb.nlm.nih.gov/repositories/malaria-

datasets/). 

 

2.2 Data Preprocessing 

Several preprocessing steps were applied to 

improve model generalization and training stability. 

First, the dataset was normalized by scaling pixel 

values to the range [0, 1] using a rescaling layer 

(1./255). This ensures numerical stability during 

gradient-based optimization. To enhance robustness 

and reduce over fitting, data augmentation 

techniques were applied only to the training set. 

These included random horizontal flipping, rotation 

(±10%), and zooming (±10%), simulating real-

world variability in microscopic imaging conditions. 

The dataset was then split into training, validation, 

and test sets using an 80:10:10 ratio based on dataset 

cardinality. Performance optimization was further 

achieved using TensorFlow’s data pipeline 

enhancements, including caching, shuffling, and 

prefetching (AUTOTUNE) to improve 

computational efficiency during model training. 

 

2.3 Proposed Model Architecture 

The proposed model is a custom 

Convolutional Neural Network (CNN) designed for 

binary classification of malaria cell images. The 

architecture follows a hierarchical feature extraction 

approach, progressively learning low-level to high-

level spatial representations. The network begins 

with a rescaling layer followed by four 

convolutional blocks. Each block consists of a 

convolutional layer with increasing filter sizes (32, 

64, 128, 256), followed by batch normalization and 

max-pooling layers to stabilize learning and reduce 

spatial dimensions. After feature extraction, the 

output is flattened and passed through two fully 

connected dense layers (128 and 64 neurons 

respectively), each followed by batch normalization 

and dropout regularization (0.5 and 0.3) to reduce 

over fitting. The final output layer uses a single 

neuron with a sigmoid activation function for binary 

classification (Parasitized vs Uninfected). 

 

2.4 Model Training 

The model was trained using the binary 

cross-entropy loss function, which is appropriate for 

binary classification problems. Optimization was 

performed using gradient-based learning (Adam 

optimizer implied in standard TensorFlow CNN 

training pipelines), with experimentation across 

multiple learning rates to identify optimal 

convergence behavior. Training was conducted over 

multiple epochs, with validation monitoring used to 

track generalization performance and prevent over 

fitting. 

 

2.5 Model Evaluation Metrics 

Model performance was evaluated using multiple 

classification metrics to ensure a comprehensive 

assessment of diagnostic effectiveness. 

• Accuracy was used as the primary metric 

to measure overall correctness of 

predictions. However, due to the medical 

nature of the problem, additional metrics 

were included to account for class 

imbalance and diagnostic reliability. 

• Precision, Recall, and F1-score were used 

to evaluate class-wise performance, where 

precision measures the proportion of 

correctly identified positive cases, recall 

measures sensitivity to detecting infected 

cells, and F1-score provides a harmonic 

balance between the two. 

• Area Under the Curve (AUC-ROC) was 

used to measure the model’s ability to 

distinguish between classes across different 

threshold settings. A higher AUC indicates 

stronger separability between infected and 

uninfected cells. 

• Cohen’s Kappa Statistic was also used to 

evaluate agreement between predicted and 

https://ceb.nlm.nih.gov/repositories/malaria-datasets/
https://ceb.nlm.nih.gov/repositories/malaria-datasets/


 

 

International Journal of Advances in Engineering and Management (IJAEM) 

Volume 8, Issue 5 May. 2026, pp: 777-781    www.ijaem.net      ISSN: 2395-5252 

                                      

 

 

 

DOI: 10.35629/5252-0805777781      | Impact Factor value 6.18 | ISO 9001: 2008 Certified Journal      Page 779 

actual classifications while correcting for 

chance agreement. This metric provides a 

more robust evaluation than accuracy 

alone, particularly in medical classification 

tasks where balanced evaluation is critical. 

 

III. Result Findings 
4.1 Experimental Results 

The performance of the proposed convolutional 

neural network was evaluated across different 

learning rates, and the results are summarized in 

Table 4.1. 

 

Table 4.1: Model Performance across Different Learning Rates 

LR Accuracy Precision Recall F1-score AUC Kappa 

0.01 96.12% 96.16% 96.11% 96.12% 0.9888 0.9224 

0.001 95.79% 95.81% 95.79% 95.79% 0.9753 0.9159 

0.0001 96.41% 96.45% 96.40% 96.41% 0.9922 0.9282 

0.00001 93.98% 94.00% 93.99% 93.98% 0.9870 0.8796 

 

Overall, the model achieved classification accuracy 

ranging from 93.98% to 96.41%, depending on the 

learning rate configuration. The best-performing 

model was obtained at a learning rate of 0.0001, 

which produced the highest accuracy (96.41%), 

AUC (0.9922), and Cohen’s Kappa (0.9282), 

indicating strong discriminative power and excellent 

agreement between predicted and true labels. 

 

4.2 Model Performance Analysis 

The training behavior showed consistent 

improvement in accuracy across epochs; however, 

validation performance varied significantly with 

learning rate selection. Higher learning rates (0.01 

and 0.001) resulted in faster convergence but 

introduced instability in validation accuracy, 

indicating sensitivity to large gradient updates and a 

tendency toward over fitting.In contrast, the learning 

rate of 0.0001 provided the most stable 

convergence, producing smoother training dynamics 

and improved generalization on unseen data. 

Conversely, an excessively low learning rate 

(0.00001) led to slower convergence and reduced 

overall performance, suggesting mild under fitting 

due to insufficient weight updates during 

training.For the optimal model (learning rate = 

0.0001), classification performance was consistently 

balanced across both classes. The model achieved: 

• Parasitized class: Precision = 97.61%, 

Recall = 95.12%  

• Uninfected class: Precision = 95.28%, 

Recall = 97.69%  

These results demonstrate that the model effectively 

minimizes both false positives and false negatives, 

which is critical in medical diagnosis where 

misclassification can directly affect treatment 

decisions.All trained models achieved AUC values 

above 0.97, confirming strong distinction between 

infected and uninfected classes. The highest AUC 

(0.9922) was recorded at the optimal learning rate, 

indicating excellent classification confidence across 

threshold variations.Similarly, Cohen’s Kappa 

values ranged from 0.8796 to 0.9282, reflecting 

substantial to near-perfect agreement beyond 

chance. This further validates the reliability of the 

proposed CNN model in producing consistent 

predictions. 

 
Figure 1.0: Confusion Matrix plot 
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IV. Discussion 
The findings of this study demonstrate that 

the proposed convolutional neural network achieves 

strong and consistent performance in malaria cell 

classification, with accuracy peaking at 96.41% and 

supported by high AUC (0.9922) and Cohen’s 

Kappa (0.9282), indicating excellent discriminative 

capability and substantial agreement beyond chance. 

When compared with existing studies, the 

performance aligns closely with several baseline 

CNN approaches while remaining slightly below the 

highest reported accuracies such as 99.68% by Siłka 

et al. (2023) and 99.5% combined system accuracy 

reported by Kumar et al. (2025), suggesting that 

while extremely high accuracies are achievable, they 

often rely on more complex architectures or hybrid 

frameworks such as out-of-distribution detection. In 

contrast, the current study achieves competitive 

performance without transfer learning, unlike Singh 

(2024), who utilized a ResNet50 architecture with 

transfer learning to reach 97.8% accuracy, 

indicating that simpler architectures can still provide 

robust results when appropriately optimized. A key 

observation from the results is the significant 

influence of learning rate on model performance and 

generalization. Higher learning rates (0.01 and 

0.001) enabled faster convergence but introduced 

instability and fluctuations in validation accuracy, 

reflecting potential over fitting and sensitivity to 

large gradient updates. This behavior is consistent 

with deep learning optimization theory, where 

aggressive learning rates can overshoot minima and 

reduce generalization capability. Conversely, the 

optimal learning rate of 0.0001 produced smoother 

convergence and superior validation stability, 

ultimately yielding the best performance metrics. 

This highlights that hyper parameter tuning plays a 

role as critical as architectural complexity, 

reinforcing findings from Albukhnefis (2024), 

where model optimization and validation strategies 

significantly influenced CNN performance over 

traditional machine learning approaches.The class-

wise performance further strengthens the reliability 

of the proposed model, with balanced precision and 

recall values exceeding 95% for both parasitized and 

uninfected classes. This balance indicates effective 

minimization of both false positives and false 

negatives, which is crucial in medical diagnostics 

where misclassification can lead to either missed 

treatment or unnecessary intervention. Compared to 

Sibinraj et al. (2024), who reported a lower accuracy 

of 88% with relatively moderate precision and 

recall, the present model demonstrates a clear 

improvement in classification robustness, likely due 

to better optimization strategies and regularization 

techniques. Similarly, the results are comparable to 

Osuji et al. (2022), who achieved 97% accuracy 

within a mobile-based system, suggesting that the 

proposed model has practical applicability for real-

world deployment, particularly in resource-

constrained environments.Another important 

implication of this study is that high diagnostic 

performance can be achieved without relying on 

computationally expensive architectures or transfer 

learning frameworks. While advanced models such 

as ResNet-based systems (Singh, 2024) or enhanced 

CNN architectures (Siłka et al., 2023) may offer 

marginal gains in accuracy, the trade-off often 

involves increased computational cost and 

complexity. The current approach demonstrates that 

a well-tuned standard CNN, combined with 

appropriate learning rate selection, regularization, 

and data augmentation, can achieve near state-of-

the-art performance with improved efficiency and 

scalability. This is particularly relevant for 

deployment in low-resource settings, where 

computational constraints and accessibility are 

critical considerations. Despite these strengths, some 

limitations remain. Although the model 

demonstrates strong generalization within the 

dataset, its performance on external or out-of-

distribution data was not explicitly evaluated, unlike 

Kumar et al. (2025), who incorporated an OOD 

detection mechanism to enhance reliability. 

Additionally, while the achieved accuracy is high, 

there is still a measurable gap compared to the 

highest-performing models in the literature, 

indicating potential for further improvement through 

hybrid architectures, ensemble learning, or 

integration of attention mechanisms. Overall, the 

results confirm that the proposed CNN model 

provides a robust and efficient solution for 

automated malaria detection, achieving high 

accuracy, stability, and balanced classification 

performance. The study contributes to the growing 

body of evidence that carefully optimized deep 

learning models can deliver reliable diagnostic 

support, with the added advantage of reduced 

computational complexity, making them suitable for 

scalable and real-world healthcare applications. 

 

V. Conclusion 
This study presented a custom 

Convolutional Neural Network for automated 

malaria detection using microscopic cell images 

from the NIH-derived Kaggle dataset. The proposed 

model demonstrated strong classification 

performance, achieving a maximum accuracy of 

96.41%, along with an AUC of 0.9922 and a 

Cohen’s Kappa of 0.9282, indicating excellent 

discriminative ability and strong agreement between 

predicted and actual labels.The results showed that 
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model performance is highly sensitive to learning 

rate selection, with lower learning rates (0.0001) 

producing more stable convergence and better 

generalization compared to higher learning rates, 

which exhibited instability and over fitting 

tendencies. Class-wise evaluation further confirmed 

balanced performance across infected and 

uninfected classes, with precision, recall, and F1-

scores exceeding 95%, demonstrating the reliability 

of the model in minimizing both false positives and 

false negatives.When compared with existing 

literature, the proposed model achieves competitive 

performance relative to more complex architectures 

such as ResNet-based and hybrid CNN systems, 

while maintaining lower computational complexity 

and no reliance on transfer learning. Although some 

state-of-the-art models report slightly higher 

accuracy, they often involve more sophisticated 

architectures or additional components such as out-

of-distribution detection.Overall, the findings 

confirm that a well-optimized CNN architecture can 

provide an effective, scalable, and resource-efficient 

solution for malaria diagnosis. Future improvements 

may focus on external dataset validation, integration 

of attention mechanisms, and exploration of 

ensemble learning approaches to further enhance 

robustness and generalization in real-world clinical 

environments. 
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