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Abstract

Malaria is a severe and critical health issue widespread throughout the globe. Malaria
must be diagnosed correctly and efficiently in its initial stage in order to treat and cure it before
it becomes a terminal illness. The current paper describes XMal-CNN, a novel deep learning
approach to be utilized in automated malaria diagnosis from microscopic blood smear images.
The proposed structure utilizes a depth-wise Convolutional Neural Network (CNN) with a
Squeeze and Excitation (SE) block to increase feature representation and perform classification
of images. The suggested approach model performs in such a way that it surpasses baseline
CNNs and currently existing state-of-the-art approaches, achieving 95.26% accuracy, 93.97%
precision, 96.73% recall, and 95.33% Fl-score. To improve model interpretability and
explainability, Explainable Al (XAI) techniques such as LIME and Grad-CAM++ are used,
providing useful insights and understanding of the decision making process of the model.
Systematic and extensive evaluations on benchmark blood smear image datasets are conducted
to validate the performance and explainability of the proposed model. Due to its superior
diagnostic precision and interpretability, XMal-CNN becomes a trustworthy and important Al-
assisted tool, aiding healthcare experts in making informed and data-driven decisions to
diagnose and treat malaria.

Keywords: Blood Smear Images, Deep Learning, Depthwise Convolutional Neural Network,
Explainable Al (XAI), Medical Image Classification, Malaria Detection.

1. Introduction

Malaria is a potentially fatal disease caused by Plasmodium parasites, which are
transmitted to humans through the bites of infected female Anopheles mosquitoes. In countries
such as India, the combination of suitable climate, environmental conditions and socio-
economic challenges allows the disease to exist as a major public health problem [1].

Effective treatment of malaria depends heavily on timely and accurate
diagnosis. This is because the different Plasmodium species most notably P. falciparum and P.
vivax respond to different anti-malarial drugs. Administering the wrong treatment can lead to
complications and contribute to the growing problem of drug resistance [2].

Although malaria can be cured and preventive medications are available, an effective
vaccine has yet to be developed. Symptoms of fever, chills, headache, and vomiting usually
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develop one to two weeks after infection. Since these symptoms are very similar to those seen
in other diseases, accurate diagnostic testing is very important. Microscopic inspection of
stained blood smears is still the gold standard, but it requires qualified laboratory staff able to
accurately recognize the parasite species of malaria and their life cycle stages [2].

Global trends in malaria incidence and mortality based on recent data indicates that
between 2020 and 2023, cases of malaria around the world increased to 263 million from 247
million. During the same period, deaths related to malaria fell from 622,000 to 597,000[1]as
presented in figure 1. This trend is indicative of the success in prevention and treatment that
results in saving lives, while transmission is still rising. This improvement in trends of malaria
is due to improved and increased reach of diagnostics, better treatments as compared to the past
and wider distribution of malaria preventive measures such as insecticide treated bed nets and
modern anti-malarial drugs and medications.

Several different approaches are used to detect malaria and its stages. Out of these
different methods, Microscopic Blood Smear Examination method, is the most widely used
method in medical settings throughout the world. In this method, thick smears of a patient’s
blood are used to identify the presence of malaria parasites, whereas thin smears are used to
identify the species of Plasmodium present in the blood [3]. The trained lab-technician or
microbiologist then looks at the stained slide under microscope and counts infected red blood
cells to measure malaria parasite load. This method is highly cost effective and provides
detailed information about malaria species and parasite stages. The drawback of this method is
that the accuracy of diagnostics depends heavily on the examiner’s skill and expertise.
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Figure 1. Yearly Trends of Malaria Cases and Deaths in Millions (2020-2023)
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A. Microscopic Blood Smear Examination

This is a traditional and conventional method of malaria detection that involves making
thick and thin smears of a patient's blood on a slide manually using laboratory chemicals. The
thick smear identifies the presence of malaria parasites in the blood sample and the thin smear
helps in identifying the specific species of Plasmodium in the blood sample. A skilled and
expert lab-technician or microbiologist observes the blood smear slides under a microscope and
counts infected RBCs, as pictorially represented in Figure 2[3].

Microscopic diagnosis of malaria is not costly and also enables accurate detection of
malaria causing Plasmodium species and life stages of the parasite. As a result, this method is
more accurate for the quantification of infected RBCs than RDTs. Its performance, however,
is very much dependent on the skill and expertise of the person handling and analyzing the
sample of the patient’s blood.

Although microscopy offers the most precise identification, it is also labour intensive
and time consuming. Inexperienced examiners may produce less reliable results, and
processing large numbers of samples can strain resources in high burden areas [5].

Figure 2. Blood Smear Microscopy Process for Malaria Diagnosis [3]
B. Rapid Diagnosis Test (RDT)

A Rapid Diagnostic Test (RDT) kit is a compact device that detects antigens from
malaria parasites present in blood. A blood sample is inserted into the kit, which processes it
internally to provide quick results. The RDT kit for malaria detection is shown in Figure 3 [3].

RDT kits offer key advantages like delivering rapid results, requiring no specialized
expertise, and being especially useful in malaria-endemic regions. However, they have
limitations. Studies show that RDTs can lack accuracy, potentially leading to incorrect
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treatment decisions [5]. A major drawback is their inability to identify specific Plasmodium
species. As a result, researchers recommend developing computer-assisted malaria detection
systems to improve accuracy, speed, and reduce reliance on expert medical personnel.
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Figure 3. Rapid Diagnostic Testing Kit (RDT) for Malaria Detection [3]

After evaluating the strengths and limitations of existing malaria diagnostic methods,
researchers suggest that computer-assisted detection is necessary. Such systems can overcome
issues related to accuracy, speed, and dependence on skilled microbiologists, thereby enhancing
the overall performance of malaria diagnosis.

C. Polymerase Chain Reaction (PCR)

The PCR (Polymerase Reaction) method of diagnosis is the most sensitive malaria test,
detecting as low as 1 parasite/uL compared to 50 parasites/uL by microscopy. However, it is
also the most labour-intensive, expensive, and time-consuming method. While commonly used
in developed countries, its availability is limited in developing regions.
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Figure 4. PCR Technique for Detecting Malaria Parasites
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PCR detects malaria by amplifying the parasite’s DNA using a polymerase enzyme,
allowing detection from very small or dried blood samples as presented in figure 4. While
highly sensitive, it is costly, time-consuming, and less accessible in low-resource settings.
Microscopic examination of Giemsa-stained blood smears remains the traditional benchmark
standard to date, due to its high sensitivity and specificity, but it is labour-intensive and prone
to human error, especially where skilled personnel are scarce [4] [28]. RDTs offer a quicker
alternative but are limited by species and parasite density sensitivity [3].

To overcome these limitations, automated diagnostic platforms using Artificial
Intelligence, Machine Learning, and Deep Learning have emerged as promising solutions.
These technologies enable fast, accurate analysis of blood smear images and medical data,
reducing human error and supporting diagnosis in underserved areas.

Al-powered systems are increasingly used in healthcare to diagnose diseases like
malaria, tuberculosis, and COVID-19, as well as neurological diseases such as Alzheimer’s
disease, Parkinson’s disease, epilepsy, and stroke by analyzing various medical images and
signals [5].

Al technologies are transforming healthcare by improving diagnosis, risk assessment,
and treatment planning across various medical domains. In cardiovascular care, Al-based
electrocardiogram (ECG) analysis aids in detecting arrhythmias and coronary artery disease,
enhancing patient management. Deep learning models have significantly improved diagnostic
accuracy in tumor and cancer detection—such as brain tumors, breast cancer, lung cancer,
cancers—through the analysis of pathological and radiological images [26]. Al plays a
significant role in the diagnosis and management of many health conditions through advanced
image and data analysis. In the treatment and care of Diabetes, Al based technologies help in
predicting and managing the disease by analyzing medical histories and retinal images of
patients, enabling to create patient specific tailored treatment strategies. In Al based Diabetes
care and treatment systems, Convolutional Neural Networks (CNN) are commonly used, for
the detection of diabetic retinopathy by recognizing indicators like microaneurysms and
hemorrhages in the retina through image analysis [6].

Ophthalmic conditions such as diabetic retinopathy, glaucoma, and macular
degeneration can be effectively diagnosed using deep learning models trained on Fundus
images and Optical Coherence Tomography (OCT) scans obtained from medical devices. [5].
The use of transfer learning, especially using pre-trained analysis models like ResNet and
VGG, improves the accuracy and efficiency of disease detection. Convolutional Neural
Networks (CNNs) are of great importance and value in this domain, as these models
automatically extract and learns intricate features from raw medical images obtained from
medical devices. Automation removes the need for manual feature selection in images and
improves the overall diagnostic performance of detection systems.

For respiratory diseases such as pneumonia, asthma and COPD; deep learning models
analyze lung images and sensor data from medical imaging machines to support the early and
accurate diagnosis of disease [7]. In dermatology, AI systems classify skin conditions,
including melanoma and psoriasis, by processing and analyzing high resolution skin images.
Remarkable precision is obtained. It can be appropriately deduced that Explainable Al (XAI)
is being increasingly adopted in medical diagnostics across the globe to build trust and
transparency in Al systems. In malaria detection, Al models trained on blood smear images can
identify infected cells with high accuracy. However, understanding the model's decisions is
critical. Techniques like SHAP (SHapley Additive exPlanations) assign importance to image
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regions that influence predictions, providing visual explanations of processing, such as heat
maps [8]. This improves trust and helps medical professionals align Al outputs with clinical
judgments. For example, a study shows that a lightweight CNN model using SHAP
outperformed existing models in malaria diagnosis and proved effective for rapid and
interpretable diagnostics [7].

In this study, we present a customized approach of using depth-wise CNN integrated
with a Squeeze-and-Excitation (SE) block, achieving superior performance over traditionally
used CNNs, SE-CNNs and depth-wise CNNs without SE blocks. To enhance the transparency
of the model, we have incorporated XAI techniques such as LIME and Grad-CAM++. These
techniques offer detailed insights into the model’s decision-making process. By combining high
classification accuracy with explainability, our proposed approach strengthens existing malaria
detection, offering both reliability and interpretability for improved diagnostic outcomes in
situations with limited resources.

2. Related Work

Recent advances in data driven technologies such as machine learning and artificial
intelligence have assisted in the enhancement of malaria diagnosis through the automation of
blood smear image analysis. Deep learning techniques, particularly Convolutional Neural
Networks (CNNs), transfer learning, and ensemble models have accomplished high accuracy
in the detection of infected red blood cells. Interpretability tools such as LIME and Grad-
CAM++ enhance clinical trust by visualizing model decisions. These systems are currently
being mapped onto mobile and cloud platforms, making them more accessible in low-resource
environments [9].

Traditional diagnostic methods like microscopy, RDTs-(Rapid Diagnostic Tests), and
PCR each have significant drawbacks. Microscopy is precise but requires skilled personnel and
is time-consuming. RDTs provide faster results but tend to be less reliable based on their
sensitivity to parasitaemia levels and variability in the quality of tests. PCR is highly precise
and able to detect low-level infections as well as mixed infections but is too costly and
technically demanding for use in areas with limited resources on a large scale. Previous
methods of computation employing machine learning sought to be more efficient by hand
extracting features such as texture, colour, and shape to determine infected cells. Even though
they were more scalable than traditional manual microscopy, these methods were not as robust,
flexible, or precise as possible now with the aid of current deep learning methods [9].

Today's deep learning models present a more potent solution for detecting malaria. One
research study conducted by Sidharthan [9] presented an Al-driven diagnostic system utilizing
the EfficientNet-B2 architecture, which was 93.57% accurate in detecting malaria from images
of blood smears. This model performed better compared to other previous pre-trained networks
based on precision, F1-score and AUC as the metrics of evaluation. It was also found in the
study that employing an 80:20 divisions between training and testing data produced better
model performance compared to a 90:10 divisions, underlining the significance of having a
well-balanced dataset in the case of model training.

A number of exclusive innovative research studies have been performed by researchers
globally to further enhance malaria diagnosis using artificial intelligence based on a wide range
of various machine learning (ML) and deep learning (DL) methods and models. An important
innovation in this respect is by Liu et al., who presented AIDMAN, an exclusive mobile device
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compatible platform based on YOLOVS5 and Transformer-based models for thin blood smear
image analysis. This system reported remarkable accuracies of 93.62% [10] and 98.62% in
independent trials. Despite the potential for field diagnostics, its actual time application and
deployment are hindered by the need for high end GPUs and considerably high computational
capabilities, limiting its availability and utilization in low resource environments.

Conventional machine learning techniques have also been investigated by researchers
employing image pre-processing. Kunwar et al. [11] proposed a diagnostic model paradigm by
integrating image processing techniques like edge detection and morphological filtering with
machine learning classifiers, obtaining a total accuracy of approximately 90%. Similar work
has been done by Motwani et al. [12], using colour, texture and shape based feature extraction
and subsequent application of classifiers such as ANN and k-NN, obtaining similar
performance compared to earlier work. In spite of their simplicity, these models struggle with
the ability to cope with varied clinical image datasets due to variations in image quality and
poor generalization capability.

Some researchers have used a different study approach by including clinical and
epidemiological information rather than or along with image information. Srivastava and
Saurabh [13] used techniques such as SVM, decision trees and random forest and attaining an
accuracy of 98.46% with the random forest-based model. Lee et al. [14] constructed predictive
models with patient records such as fever history, anemia and travel patterns and attained an
accuracy of 96.2% with logistic regression and gradient boosting techniques. These methods
emphasize the point, how structured data can be used to augment and enhance image based
diagnostics, although their efficacy relies significantly on the availability and caliber of clinical
patient records.

Deep learning, especially CNN and transfer learning, has proven to be extremely
effective in the detection of malaria. Shekar et al. [15] employed transfer learning with CNNss
and reported 94% accuracy, whereas Abubakar et al. [16] compared classic k-NN with CNNss,
with CNNs emphatically outperforming at 96%. Nayak et al. [17] achieved further
improvement in CNNs by combining ResNet architectures, ensemble methods, and data
augmentation, reporting an accuracy of 94.5%. These deep learning networks provide better
diagnostic accuracy, but their computational requirements typically preclude real-time usage,
particularly in rural areas.

Even more advanced architectures such as Capsule Networks (Caps Net) have been
investigated. Madhu et al. [18] proposed a CNN + Caps Net model with 96.1% accuracy,
leveraging the capacity of Caps Net to retain spatial relationships in images more effectively.
Hoyos et al. [19], on the other hand, enhanced CNN generalization using data augmentation
(rotation, flipping, contrast variation) to achieve 94.57% accuracy. Both research studies
emphasize the relevance of architectural advancements and image diversity in constructing
solid diagnostic systems.

Comparative studies of deep learning models have shown additional findings.
Hemachandran et al. [20] established that CNN performed better than Mobile Net and
ResNet50, with 94.8% accuracy. Alnussairi and Abdulaziz obtained 93% using a CNN model
but expressed issues with the explainability and generalization of the model [21]. Abubakar et
al. [16] proposed Deep FMD, a CNN-based system that achieved superior performance on
benchmark datasets (92.5% accuracy), but had lower accuracy when applied to images from
varying staining methods. These results highlight the requirement for interpretable, flexible
models trained across various datasets.
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Several research groups have focused on developing CNN architectures that are
optimized for real-time inference and scalable deployment across various cloud environments.
Kumar and Kumar [22] implemented a CNN model trained specifically for thin blood smear
images with 95.2% accuracy but at a high computational cost. Taye et al. [23] integrated
Xception and InceptionV3 architectures within an ensemble model also with 95.2% accuracy
but again with high memory and training expenses. Sukumarran et al. [24] used an optimized
YOLOV4 model for malaria parasite object detection with 92% accuracy. These studies provide
performance and speed at the cost of scalability and low-latency deployment in the real world.

These researches combined represent the great leaps Al has made towards malaria
diagnosis, from simple machine learning techniques to complex deep learning and object
detection architectures. Though most systems have demonstrated excellent diagnostic
accuracy, in many cases well over 90%, their practical deployment in real-world settings
continues to be hampered by challenges such as computational costs, interpretability of the
models, and lack of robustness under varied clinical environments. The need for expensive
hardware, inconsistency of imaging conditions, and necessity of high-quality annotated data
further complicates field deployment. Nonetheless, the major challenges determined from the
analyzed literature are dataset imbalance, inter-class similarity, and intra-class variance, which
have drastic effects on malaria classification performance. To close this gap, future work should
endeavor to develop models that are lightweight, interpretable, and generic, that retains high
performance while being practicable for applicability in low-resource settings. Such
advancements will be crucial to facilitating scalable, artificial intelligence-based diagnostic
technologies that can efficiently aid worldwide efforts in malaria elimination and control.

3. Proposed Methodology

This paper introduces a novel deep learning-based system for automated malaria
diagnosis using microscopic blood smear images, which has the potential to overcome time and
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Figure 5. Proposed XMal-CNN Model Architecture for Malaria Detection
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The proposed process includes dataset collection, image preprocessing (augmentation,
normalization, resizing), and feature extraction leveraging CNNs augmented with Depthwise
Convolutions and SE blocks. An optimized image classifier distinguishes infected and
uninfected cells, suppressing false positive outcomes. Explainable Al methods like Grad-
CAM++ and LIME are used to make the decision-making process visibly more accurate and
enable trustworthiness. The architecture of the proposed model for malaria detection,
henceforth named XMal-CNN, is tested on benchmark datasets. The model architecture, as
depicted in Figure 5, shows outstanding performance in terms of diagnosis and is very well
suited for implementation in low-resource medical setups and situations.

A. Dataset Description

The data are very important and essential in the design of an Al-based malaria diagnosis
system that provides automated and precise identification of malaria parasites, especially in
resource-constrained health facilities.

In the present study, a publicly accessible dataset from the United States National
Library of Medicine [27] has been used. This Malaria Cell Images Dataset [2] is the most
widely used benchmark for the study of automatic malaria diagnosis systems. Figures 6 and 7
depict sample representative microscopic images of parasitized malarial cells and non-infected
red blood cells from the dataset. The dataset consists of 27,558 high-quality annotated images
of microscopic blood smears. The dataset is evenly distributed into two classes: (1) 13,779
images of infected red blood cells (with Plasmodium) and (2) 13,779 images of uninfected red
blood cells. The class balance and high quality of the labels of the images make this dataset
perfect for the training and testing of deep learning models.

Figure7. Microscopic Images of Uninfected Red Blood Cells
B. Data Pre-processing

The blood smear image, which contains microscopic red blood cells (RBCs) that can be
infected with the Plasmodium parasites, is analyzed. Various pre-processing processes and
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techniques are used on images to improve their quality and boost the performance of the model.
The following steps are used for data pre-processing:

Data Augmentation: Discrete geometric translations of dataset images are performed
in data augmentation. E.g. flipping, rotation, and contrast changes are applied to enhance the
model’s ability to generalize images from sample to sample in each case. This practice avoids
overfitting.

Image Resizing: All the images in the dataset are standardized to a specific resolution
of 150150 pixels to ensure consistency and compatibility with deep learning architecture.

Image Normalization: The pixel intensity levels of an image are normalized to a fixed
interval for variance elimination. Variance in images results from light exposure and variation
in staining while making blood smear slides.

C. Feature Extraction

Image feature extraction is done using Deep Learning based Convolutional Neural
Networks (CNNs). A suggested Depthwise CNN with Squeeze-and-Excitation Blocks
improves computational efficiency as well as the high accuracy of malaria classification.

Depthwise Separable Convolution: Traditional Convolution layers contain a large
number of parameters and therefore, they contain high computational complexity. Depthwise
separable convolutions divide traditional convolutions into Depthwise Convolution and
Pointwise Convolution. Depthwise Convolution, applies a single filter to all input channels,
whereas Pointwise convolution applies a 1x1 convolution to collect outputs from Depthwise
convolution. Mathematically, if the input features map has dimensions of HxWXxCj,. This
notation represents the shape of an input image or feature map in Deep Learning, where H
denotes height, W denotes width, and Cin denotes the number of input channels in the above
notation (e.g., 3 for an RGB image) [10]. This format defines how data flows through
convolutional layers, with operations being applied across both spatial dimensions and
channels. In standard convolution, if the kernel size is KxK, the total number of computations
required is HXWxCinxK*XCout, Wwhere Cout denotes number of the output channels (filters). This
shows the compuational cost of applying multiple filters (each spanning all input channels)
across the entire input. In contrast, Depthwise separable Convolution reduces this compuational
cost by dividing the operation into two parts: (1) depthwise convolution, which applies a single
KxK filter per input channel, and (2) pointwise convolution, which uses 1x1 convolutions to
combine outputs across channels. The total computation is thus reduced to HxWxCi;xK? +
HxWxCinxCout, significantly improving the efficiency of the model, while maintaining the
ability to extract spatial features from dataset images.

Squeeze-and-Excitation (SE) Blocks: SE blocks recalibrate the feature maps of
images dynamically by giving weightage based on the importance of each channel. This is
achieved through three steps:

Squeeze operation: It uses a global average pooling (GAP) to reduce spatial
dimensions. The squeeze function is given by:

1 H w
S I ). ije ()

j=1
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The global average pooling operation is applied to a convolutional feature map in a deep
learning model. Specifically, it calculates the average value of all the elements within the spatial
dimensions (height H and width W) of a particular channel c. Here, Xij. represents the pixel
value at a position (i,j) in channel ¢ and the double summation iterates over all spatial locations
of that channel. By dividing the total sum by the product HxW, the formula gives a single scalar
value S, which effectively summarizes the entire channel. This operation is commonly used in
Squeeze-and-Excitation (SE) blocks, where it serves as the "squeeze" step, reducing each 2D
feature map into a single representative value per channel. This allows the model to learn and
apply attention to different channels by later "exciting" or reweighting them based on their
importance, enhancing the network’s ability to focus on more relevant features.

Excitation operation: A Fully Connected (FC) layer with two activation functions
(ReLU and Sigmoid) is used to scale the extracted features:

z=0(W, x §(W; X s)) (2)

Where: W1 and W2 are weight matrice, o denotes the ReLU activation function, o
denotes the Sigmoid activation function.

Scaling operation: Original feature maps of dataset images are multiplied by the
recalibrated values to emphasize highly informative regions or features in the image.

D. Classification

The extracted features are passed to a classifier that determines whether the cell is
Infected (parasitized) or Uninfected (healthy). This classification helps in automated malaria
diagnosis, reducing the need for manual expert analysis.

E. Interpretation (Explainable Al - XAI)

To improve model explainability and gain the trust among healthcare professionals, the
interpretability of malaria classification in proposed model was introduced using various
advanced Explainable Al models such as LIME and Grad-CAM++.

LIME: LIME is an approach that breaks down individual prediction of any Machine
Learning model locally by approximating it with an interpretable model. It proceeds by
perturbing the input data and noticing the changes in the predictions and thus determining the
most influential pieces of the input in the model's decision. This method is handy in the case of
complex, black box models, as it gains insights into what they do without having access to their
internal operation [8].

Grad-CAM++ (Gradient-weighted Class Activation Mapping): Grad-CAM++is a
refined and advanced version of the Grad-CAM algorithm, designed to provide visual
explanations for Convolutional Neural Network (CNN) decision-making [29]. Grad-CAM++
generates heat maps that show the regions of an image which is most relevant to the model's
prediction. By computing the gradients of the output with respect to feature maps in the final
convolutional layer, Grad-CAM++ identifies the image regions with the highest influence on
the classification outcome or decision making. It increases the interpretability of CNNss, so their
decisions simpler to understand and believable.
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By using these representations provided by XAI methods, medical professionals can
understand the decision making of Al-based diagnosis models with better clarity, improving
trust and results in more accurate use of Al-based diagnostics.

4. Results and Discussion

Execution of the suggested model was done by utilizing the Kaggle platform. An
NVIDIA A800 GPU with 16 GB RAM was used to facilitate smooth training and testing of the
suggested method.

Performance Metrics: Proper and suitable performance metrics are needed to precisely
measure the reliability and applicability of the suggested malaria detection model in real-world
situations, such as diagnosis scenarios. The suggested model for malaria detection is assessed
in terms of different significant performance metrics [10]

Accuracy (Overall Classification Performance): Accuracy, in plain terms, estimates
the ratio of instances or outcomes, both malaria-infected and not infected, that are appropriately
classified out of the total cases. Accuracy provides an overall impression of how correct the
model's results are in classification.

TP+TN

Accuracy = ——————
CCUraCy = b TN+FP+FN 3)

Here, TP stands for True Positives (cases of malaria that were correctly predicted), TN
for True Negatives (cases of non-malaria that were correctly predicted), FP for False Positives
(cases of malaria that were incorrectly predicted), and FN for False Negatives (cases of malaria
that were missed).

Positive Predictive Value, or precision: Precision measures the proportion of
correctly predicted malaria cases to all positive cases. Precision demonstrates the suggested
model's capacity to reduce erroneous predictions or errors, preventing a healthy patient from
receiving an incorrect diagnosis. The precision formula in mathematics is:

TP
TP+FP (4)

Precision =

where FP stands for False Positives and TP for True Positives. The number of predicted
positive cases that are actually cases of malaria is known as precision. To put it simply, high
precision means that the model makes fewer false positives, or that fewer healthy patients are
incorrectly identified as infected.

True Positive Rate/Sensitivity Recall: The model's accuracy in classifying actual
cases of malaria infection is gauged by recall. It shows how well the model detects all true
positive infections and the fewest false negative cases overall. Recall can be expressed
mathematically as:

TP
TP4EN ®)

Recall =

where FN stands for False Negatives and TP for True Positives. The recall of the model
shows how well it can identify actual cases of malaria worldwide. A high and robust catch rate
of infected cases and a low percentage of false negatives or omitted infections can be inferred
from high recall.
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F1 Score: When class distributions are skewed or when false positives and false
negatives are both critically important, the F1 Score (Harmonic Mean of Precision and Recall)
is a very useful evaluation metric that best balances precision and recall. The F1 score, which
represents the trade-off between precision and recall, is mathematically calculated as the
harmonic mean of the two.

F1 Score = 2 * Prec.is.ioanecall (6)
Precision+ Recall

Recall and precision are balanced in the F1 score. It ensures that neither false positives
nor false negatives dominate the evaluation, which is especially helpful when the dataset is
unbalanced.

ROC-AUC (Receiver Operating Characteristic-Area Under Curve): The ROC-
AUC metric measures the diagnostic ability of the model by plotting the trade-off between
sensitivity and the false positive rate across different classification thresholds. The ROC

(Receiver Operating Characteristic) curve depicts the relationship between the True Positive
Rate (TPR) and the False Positive Rate (FPR).

True Positive Rate (TPR) / Recall:

TP

TPR = TP+FN )
False Positive Rate (FPR):
FPR = —— (8)
FP+TN

The ROC Curve indicates the True Positive Rate (Recall) against the False Positive
Rate at different classification thresholds. The AUC (Area Under the Curve) value describes
the overall model performance. The higher value of the AUC closer to 1 implies a high
discrimination to differentiate between malaria infected and non-infected cases.

For improved model performance, the Adam optimizer with adaptive learning rate (as
0.001 initially) is utilized, supporting faster convergence by using momentum and gradient
updates. An 80:20 train-validation split with stratified sampling ensures balanced class
distribution and precise generalization of evaluation.

Experimental assessment involves comparing various CNN models based on two
Explanation methods: LIME and Grad-CAM++. LIME indicates the importance of local
features by input perturbation, whereas Grad-CAM++ shows visual information about the
crucial image areas driving the predictions. Model performance is assessed in terms of metrics
such as accuracy, precision, recall, and F1-score in identifying parasitized and uninfected cells,
and comparisons are made between both explanation approaches.

Table 1. Performance Evaluation of Different CNN Variants

Models Accuracy (%) Precision Recall F1-Score

Custom CNN 93.03 91.73 94.41 94.10
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SE Block CNN 94.69 92.81 94.93 94.84
Depthwise CNN 50.02 50.00 01.00 00.67
Depthwise CNN + SE 95.26 93.97 96.73 95.33
Block(Xmal- CNN)

The performance comparison analysis of different CNN variants is presented in Table
1. The proposed XMal-CNN (Depthwise CNN with SE Block) delivers the best results,
achieving 95.26% accuracy, 93.97% precision, 96.73% recall, and a 95.33%  Fl-score. The
SE Block with CNN also performs well with 94.69% accuracy, highlighting the effectiveness
of attention mechanisms. In contrast, the standalone Depthwise CNN performs poorly, with
only 50.02% accuracy and an F1-score of 0.67, suggesting underfitting and underperformance.
The Custom CNN shows moderate performance (93.03% accuracy) but is outperformed by
both SE Block CNN and XMal-CNN.
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Figure 8. Accuracy Comparison of Different CNN Model Variants

Figure 8 illustrates the training and testing accuracy of different CNN-based model
variants named standard CNN, CNN with SE Block, Depthwise CNN, and Depthwise CNN
with SE Block. All models demonstrate strong performance, with the CNN and CNN + SE
Block models achieving good accuracy levels, indicating effective feature learning and
classification capabilities. The Depthwise CNN + SE Block model significantly outperforms
the baseline Depthwise CNN, achieving 95.26% testing accuracy. This improvement
demonstrates the SE Block’s effectiveness in enhancing feature selection by adaptively
recalibrating channel-wise responses. In contrast, the basic Depthwise CNN shows poor
performance (~50% accuracy), likely due to limited parameter complexity. Adding the SE
Block addresses this limitation by emphasizing important features, leading to a substantial
boost in performance.
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Figure 9. Loss Comparison of Different CNN Model Variants

Figure 9 presents the training and testing losses of different CNN model variants. The
Depthwise CNN + SE Block model achieves the lowest training and testing losses, confirming
its effectiveness in minimizing errors and enhancing generalization. This highlights that
integrating an SE Block with Depthwise CNN significantly enhances the model’s performance,
striking a balance between computational efficiency and accuracy.
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Figure 10. Comparison of AUC Scores Across CNN Model Variants

Moreover, Figure 10 presents a comparison of AUC scores of different CNN model
variants, highlighting that Depthwise CNN + SE Block achieves the highest AUC(~0.96),
indicating superior classification performance.

The confusion matrix shown in Figure 11 reflects the model’s effectiveness in
distinguishing between parasitized (infected) and uninfected cells. Despite a few false
positives, the model demonstrates strong and reliable classification performance. The model
correctly identifies 2,665 parasitized cases as true positives (TP) and 2,584 uninfected cases as
true negatives (TN).
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Figure 11. Confusion Matrix of XMal-CNN for Malaria Detection

It records 171 false positives (FP), where uninfected cases are misclassified as
parasitized, and 90 false negatives (FN), where parasitized cases are incorrectly labeled as
uninfected. Although a slightly elevated FP rate suggests occasional misclassification of
healthy samples, the model maintains excellent reliability, interpretability, and diagnostic
effectiveness.

Additionally, explainable Al models such as LIME and Grad-CAM++ are used to
provide visual interpretability of the proposed model. Figure 12 illustrates the model’s
interpretability using LIME and Grad-CAM-++. Figure 12(a) shows the original grayscale scan,
with a dark central region likely indicating a lesion. Figure 12(b) presents visual interpretation
using the LIME model, highlighting key areas influencing the model’s decision, with red
indicating high importance and grey indicating less importance, outlined by yellow contours.
Figure 12(c) shows the visual interpretation of the proposed model using the Grad-CAM++
heatmap, where bright red and yellow mark regions of high model attention. Together, LIME
and Grad-CAM++ enhance explainability by confirming that the model’s focus aligns with
medically relevant features, which is crucial for building trust and supporting clinical decisions.

a

C

Original Image

Y

"

Figure 12. Visual Interpretability Comparison: (a)Original Image, (b)LIME
Explanation, and (c¢) Grad-CAM++ Heatmap
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Table 2. Comparative Analysis of the Proposed Model with State-of-the-Art Models

Methods Accuracy

Malaria Detection custom CNN model [12] 90%
Transfer Learning with Pre-trained CNN 91.5%
Models [24]

YOLOVS5 and Attention Models [10] 92.00%
ML - Based Malaria Prediction [14] 93.03%
DL Features + ML Classifiers[17] 92.5%
Proposed XMal-CNN 95.26%

Despite obtaining state-of-the-art performance on the benchmark dataset, the proposed
XMal- The CNN model's generalizability to other real-world malaria classification datasets has
to be confirmed. Table 2 highlights a comparison of the proposed XMal-CNN model with the
most sophisticated malaria detection models. The comparison indicates that the proposed
XMal-CNN model is more efficient in detecting malaria compared to existing techniques.
Accuracy varies from 90% to 91.5% for traditional CNN models and transfer learning methods,
whereas 92% to 93% for more complex models like YOLO-based and ML hybrid models. With
the highest accuracy rate of 95.26%, XMal-CNN proves itself to be an outstanding feature
extraction and classification network. Squeeze-and-Excitation blocks and Depthwise
Convolutions, responsible for enhancing feature representation as well as model accuracy, are
the main cause behind the improvement. Also, the more complicated task of multiclass
classification during analysis, such as distinguishing between specific Plasmodium species, has
not yet been addressed by the existing model, which is designed for binary classification
(infected and uninfected classification). To improve the clinical applicability of the model,
future research can investigate and expand this architecture to use more diverse datasets and
increase the number of diagnostic categories. Although XMal-CNN demonstrates good
diagnostic performance, its inference time and memory requirements on low-power devices
have not yet been addressed, as the study focuses on accuracy and interpretability. The use of
depth-wise convolutions with SE suggests potential for efficient deployment, and future work
will involve assessing scalability on hardware-constrained systems.

5. Conclusion

This work proposes XMal-CNN, an interpretable deep learning architecture that uses
depth-wise convolutional neural networks (CNNs) and squeeze-and-excitation (SE) blocks to
perform automatic malaria diagnosis from microscopic blood smear images. It can be
concluded that, with 95.26% accuracy, 93.97% precision, 96.73% recall, and an F1-score of
95.33%, the proposed architecture outperforms current state-of-the-art methods and
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conventional CNN models in some evaluation metrics. One of the key contributions of the
current work is the employment of explainable Al (XAI) techniques like LIME and Grad-
CAM++ that visually analyze and identify the parts of the input images that influence the
predictions. These techniques make the existing models more transparent and reliable. In
clinical practice, healthcare applications of Al-based systems need end-result interpretability
to ensure that decisions made by Al do not vary from clinical decision-making and knowledge-
based reasoning. Additional future research will explore multiclass image classification to
separate different Plasmodium species, improve the model to support edge and mobile
deployment, and assess its performance based on real clinical datasets. International initiatives
to eradicate malaria can be significantly supported by XMal-CNN, a new Al-aided diagnostic
system that facilitates quality and affordable healthcare provision.
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