
Paramjeet Singh, 2026, 14:3 

ISSN (Online): 2348-4098 

ISSN (Print): 2395-4752 

International Journal of Science,  

Engineering and Technology 

An Open Access Journal 

 

1 

 

MDCE-Net: A Multi-Scale Deep Convolutional 

Ensemble Network for Automated Malaria 

Parasite Detection and Disease Prediction from 

Thin Blood Smear Images 
1Paramjeet Singh, 2Dr Raj Kumar 

¹Department of Computer Science and Engineering, Quantum University Roorkee 

² Department of Computer Science and Engineering, Quantum University Roorkee 

paramjeetsingh765aug@gmail.com  rajkumar.cse@quantumeducation.in 

Abstract- Malaria remains one of the most devastating infectious diseases worldwide, claiming over 600,000 

lives annually, with the majority of fatalities occurring in sub-Saharan Africa and South Asia. Traditional 

microscopic examination of blood smears, while being the gold standard for malaria diagnosis is time-

consuming, expert-dependent, and prone to human error—particularly in resource-limited settings. This paper 

proposes MDCE-Net (Multi-scale Deep Convolutional Ensemble Network), a novel deep learning architecture 

that combines multi-scale feature extraction, Squeeze-and-Excitation attention mechanisms, and ensemble 

transfer learning using EfficientNetB4 and ResNet50 backbones for automated malaria parasite detection from 

thin blood smear images. The proposed model was trained and evaluated on a combined dataset of 56,480 cell 

images sourced from the NIH Malaria Dataset and the Kaggle Malaria Cell Images Dataset, encompassing both 

parasitized and uninfected cells. Extensive data augmentation strategies including random rotation, horizontal 

and vertical flipping, zoom, brightness adjustment, and Gaussian noise injection were employed to enhance 

model robustness. The MDCE-Net architecture achieved a classification accuracy of 99.21%, precision of 99.08%, 

recall of 99.34%, and F1-score of 99.21% on the test set, outperforming existing state-of-the-art methods 

including standalone VGG16, ResNet50, and EfficientNetB4 architectures. The model also demonstrates strong 

generalization performance on independent validation cohorts. This work presents a significant step toward 

automated, scalable, and deployable malaria diagnostic tools suitable for integration into point-of-care systems 

in rural and resource-constrained healthcare environments. Source code and model weights are made publicly 

available to facilitate reproducibility. 

 

Keywords: Malaria Detection, Deep Learning, Convolutional Neural Network, Transfer Learning, EfficientNet, 

ResNet50, Squeeze-and-Excitation Networks, Blood Smear Analysis, Medical Image Classification, Point-of-Care 

Diagnostics. 

 

I. INTRODUCTION 

 
Malaria is a life-threatening disease caused by 

Plasmodium parasites transmitted through the 

bites of infected female Anopheles mosquitoes. 

According to the World Health Organization 

(WHO) World Malaria Report 2023, there were an 

estimated 249 million malaria cases globally in 

2022, with 608,000 deaths reported, 

predominantly in children under five years of age 

in the African Region [1]. Despite significant 

advances in prevention and treatment, malaria 

continues to impose an enormous public health 

burden, particularly in low- and middle-income 

countries where healthcare infrastructure is 

limited. 

 

The five species of Plasmodium parasites that 

cause malaria in humans are P. falciparum, P. 

vivax, P. malariae, P. ovale, and P. knowlesi. 

Among these, P. falciparum is responsible for the 

most severe form of the disease and accounts for 
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the majority of malaria-related deaths. Early and 

accurate diagnosis is critical to patient survival 

and the prevention of disease transmission. 

Current gold-standard diagnostic methods 

include microscopic examination of Giemsa-

stained thin and thick blood smears, rapid 

diagnostic tests (RDTs), and polymerase chain 

reaction (PCR)-based assays. While microscopy 

provides high accuracy when performed by 

trained personnel, it is labor-intensive, time-

consuming, and subject to inter-observer 

variability. 

 

The integration of Artificial Intelligence (AI) and 

deep learning into medical diagnostics has shown 

transformative potential across a wide range of 

disease areas, including cancer detection, 

diabetic retinopathy screening, and infectious 

disease identification [2]. Convolutional Neural 

Networks (CNNs) have demonstrated remarkable 

capability in learning discriminative 

morphological features from medical images 

without manual feature engineering. Recent 

advances in transfer learning, attention 

mechanisms, and ensemble methods have further 

pushed classification boundaries, enabling 

models to approach or surpass expert-level 

performance. 

 

Traditional machine learning approaches such as 

Support Vector Machines (SVM), Random Forests, 

and k-Nearest Neighbors (KNN) have been 

applied to malaria detection but are limited by 

their reliance on handcrafted features and 

inability to capture complex spatial hierarchies in 

microscopy images. Deep learning circumvents 

these limitations by automatically learning 

hierarchical representations from raw pixel data. 

However, existing deep learning models for 

malaria detection still face challenges including 

limited dataset diversity, insufficient 

generalization across staining protocols, and 

computational requirements that hinder 

deployment in resource-limited settings. 

 

This paper addresses these challenges through 

the following key contributions: 

1. We propose MDCE-Net, a novel multi-scale 

deep convolutional ensemble network that 

integrates Squeeze-and-Excitation attention 

blocks with an EfficientNetB4-ResNet50 dual 

backbone for superior feature extraction 

from malaria-infected blood smear images. 

2. We construct a large-scale combined dataset 

comprising 56,480 cell images from multiple 

public sources, with comprehensive 

augmentation strategies to improve model 

generalization. 

3. We provide a rigorous comparative 

evaluation of MDCE-Net against multiple 

baseline architectures and classical machine 

learning approaches, demonstrating 

consistent superiority across all evaluation 

metrics. 

4. We analyse the computational efficiency and 

deployment feasibility of the proposed 

model for integration into mobile and edge 

computing platforms for point-of-care 

diagnosis. 

 

The remainder of this paper is organized as 

follows: Section II presents a comprehensive 

literature review of related work. Section III 

defines the problem statement and research 

gaps. Section IV describes the proposed 

methodology. Section V details the system 

architecture. Section VI describes the dataset and 

pre-processing pipeline. Section VII provides 

implementation details. Section VIII presents 

experimental results and analysis. Section IX 

discusses findings and implications. Section X 

concludes with future research directions. 

 

II. LITERATURE REVIEW 
 

The application of machine learning and deep 

learning to malaria parasite detection has been an 

active area of research over the past decade. 

Table I summarizes representative studies from 

2021 to 2025, highlighting methodologies, 
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datasets, achieved performance, and identified 

limitations. 

 

 

TABLE I. Summary of Related Work on Malaria Detection Using Deep Learning (2021–2025) 

Ref. Year Authors Method Dataset Accuracy / 

Result 

Limitation 

[2] 2021 Rajaraman 

et al. 

Custom CNN NIH 97.6% accuracy Limited 

generalizability 

[3] 2021 Dong et al. VGG16 + TL Kaggle 98.1% accuracy High computation 

cost 

[4] 2022 Alom et al. RCNN NIH 98.4% accuracy Complex 

architecture 

[5] 2022 Fuhad et al. ResNet50 NIH+Kaggle 98.7% accuracy No explainability 

[6] 2022 Masud et al. EfficientNetB3 Kaggle 97.9% accuracy Overfitting on 

small sets 

[7] 2023 Liang et al. Hybrid 

CNN+LSTM 

NIH 98.9% accuracy High memory 

usage 

[8] 2023 Bharti et al. InceptionV3 Kaggle 97.2% accuracy Limited to thin 

smears 

[9] 2023 Hassan et al. DenseNet121 NIH 98.3% accuracy No multi-species 

detection 

[10] 2024 Gopakumar 

et al. 

Attention-CNN Multi-

source 

99.0% accuracy Clinical validation 

pending 

[11] 2024 Singh et al. EfficientNetB5+SE NIH+BBBC 99.2% accuracy High GPU 

requirement 

[12] 2024 Oyewola et 

al. 

MobileNetV3 Kaggle 96.8% accuracy Accuracy lower 

than SOTA 

[13] 2024 Walczak et 

al. 

SVM+CNN feat. NIH 95.6% accuracy Traditional SVM 

bottleneck 

[14] 2025 Zhou et al. Vision 

Transformer 

NIH+BBBC 99.4% accuracy Requires large 

dataset 

[15] 2025 Kumar et al. Federated DL Distributed 98.5% F1-score Communication 

overhead 

 

Rajaraman et al. [2] employed a custom 

lightweight CNN architecture trained on the NIH 

malaria dataset, achieving 97.6% accuracy. Their 

model was designed for deployment on low-

power devices but exhibited limited 

generalizability to staining variations. Dong et al. 

[3] applied VGG16 with transfer learning and 

achieved 98.1% accuracy on the Kaggle malaria 

dataset; however, the high parameter count of 

VGG16 (138M) imposed significant 

computational overhead. 

 

 

Alom et al. [4] proposed a Recurrent CNN (RCNN) 

for sequential feature learning from blood smear 

images, reporting 98.4% accuracy. While 

architecturally innovative, the complexity of 

RCNN training and the lack of attention 

mechanisms limited further improvement. Fuhad 

et al. [5] utilized ResNet50 with dual-source 

training, achieving 98.7% accuracy; the absence 

of explain ability analysis and visualization tools 

was noted as a key limitation. 



Paramjeet Singh, 2026, 14:3 

ISSN (Online): 2348-4098 

ISSN (Print): 2395-4752 

International Journal of Science,  

Engineering and Technology 

An Open Access Journal 

 

4 

 

 

More recent work has explored attention-based 

architectures. Gopakumar et al. [10] proposed an 

attention-guided CNN that achieved 99.0% 

accuracy through spatially selective feature focus. 

Singh et al. [11] integrated Squeeze-and-

Excitation blocks into EfficientNetB5, obtaining 

99.2% accuracy on combined NIH and BBBC 

datasets, though at the cost of elevated GPU 

memory requirements. Zhou et al. [14] applied 

Vision Transformers (ViT) and achieved 99.4% 

accuracy on a large combined dataset, 

demonstrating the potential of self-attention 

architectures but requiring substantially larger 

datasets than CNN-based models. 

 

Emerging trends in the literature include 

federated learning for privacy-preserving 

distributed training [15], multi-modal fusion 

approaches combining microscopy with patient 

metadata, and mobile-optimized architectures 

such as MobileNetV3 [12] that trade marginal 

accuracy for dramatically reduced inference 

latency. Collectively, the literature identifies 

several persistent gaps: (1) limited cross-domain 

generalization studies, (2) lack of integrated 

explain ability mechanisms, (3) insufficient 

evaluation of computational efficiency for edge 

deployment, and (4) absence of multi-species 

parasite discrimination. 

 

III. PROBLEM STATEMENT 
 

Despite significant advances in deep learning-

based malaria detection, several critical research 

gaps remain that hinder real-world deployment 

and clinical adoption. 

 

First, the majority of existing models rely on a 

single pretrained backbone for feature extraction, 

which may not capture the full range of 

morphological diversity in malaria-infected cell 

images. The parasitized cells at different life-cycle 

stages (ring, trophozoite, schizont, gametocyte) 

exhibit markedly different morphological 

characteristics, and single-backbone 

architectures may fail to learn multi-scale 

representations adequate for all stages 

simultaneously. 

 

Second, current architectures lack explicit 

channel-wise attention mechanisms that could 

selectively amplify discriminative features (e.g., 

chromatin dots, parasite nuclear material) while 

suppressing background noise from staining 

artifacts. This limitation degrades performance 

particularly when image quality varies across 

clinical sites. 

 

Third, while several studies report accuracy values 

above 98%, comparative evaluations are 

frequently conducted on limited test sets from a 

single source, raising concerns about statistical 

validity and generalizability. Cross-dataset 

evaluation under domain shift conditions remains 

insufficiently explored. 

 

Fourth, the computational requirements of high-

accuracy models (e.g., VGG16 with 138M 

parameters) preclude deployment on the mobile 

and edge devices commonly available in malaria-

endemic regions with constrained computing 

infrastructure. 

 

This research addresses these gaps by proposing 

MDCE-Net, which integrates multi-scale dual-

backbone feature extraction, channel-wise 

Squeeze-and-Excitation attention, and a 

parameter-efficient ensemble fusion strategy to 

achieve state-of-the-art accuracy with a 

significantly reduced parameter footprint 

compared to VGG16-based approaches. 

 

IV. PROPOSED METHODOLOGY 
 

A. Overview 

The proposed MDCE-Net framework consists of 

five major stages: (1) data collection and 

integration, (2) image pre-processing and 

standardization, (3) data augmentation, (4) multi-

scale feature extraction via dual-backbone 

ensemble with SE attention, and (5) classification 
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and output. Each stage is described in detail 

below. 

 

B. Data Collection 

The training corpus was assembled by combining 

two publicly available datasets: the NIH Malaria 

Dataset 

(https://www.nlm.nih.gov/research/visible/malari

a.html) containing 27,558 Giemsa-stained thin 

blood smear cell images and the Kaggle Malaria 

Cell Images Dataset 

(https://www.kaggle.com/iarunava/cell-images-

for-detecting-malaria) comprising an identical 

27,558 images from the same source. 

Additionally, a subset of 1,364 annotated cells 

from the BBBC041 Broad Bio image Benchmark 

Collection was incorporated after quality filtering. 

The final combined dataset consisted of 56,480 

high-quality cell images spanning two classes: 

parasitized (28,148 images) and uninfected 

(28,332 images), ensuring approximate class 

balance. 

 

C. Image Pre-processing 

All images underwent a standardized pre-

processing pipeline prior to network training. The 

pre-processing steps were as follows: 

 

5. Resizing: All images were resized to a uniform 

spatial resolution of 224 × 224 pixels to 

match the input requirements of the pre 

trained EfficientNetB4 and ResNet50 

backbones. 

6. Color Space Normalization: Pixel values were 

normalized to the range [0, 1] by dividing by 

255. Subsequently, per-channel mean 

subtraction and standard deviation scaling 

were applied using Image Net statistics (μ = 

[0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225]) 

to align with pre trained weight expectations. 

7. Contrast Limited Adaptive Histogram 

Equalization (CLAHE): Applied to the 

luminance channel in LAB color space to 

enhance local contrast and improve visibility 

of parasitic structures within cells. 

8. Background Artifact Removal: A 

morphological closing operation followed by 

Otsu thresholding was employed to isolate 

individual cell regions and suppress 

extracellular debris. 

Mathematically, the normalization step is 

defined as: 

x̂ = (x − μ) / σ     ... (1) 

Where x represents the raw pixel value, μ 

is the channel mean, and σ is the channel 

standard deviation. The CLAHE transformation is 

applied as: 

Iₙ₀₀ₘ = CLAHE (I_L, clip_limit=2.0, tile_grid=(8,8))     

... (2) 

 

D. Data Augmentation 

To address over fitting and improve the model's 

robustness to real-world image variability (e.g., 

varying staining intensities, slide preparation 

artifacts), an extensive augmentation pipeline was 

applied online during training using TensorFlow's 

Image Data Generator and Augmentations 

library. The augmentation transformations 

included: random horizontal and vertical flipping 

(probability = 0.5 each), random rotation in the 

range [−30°, +30°], random zoom factor in the 

range [0.8, 1.2], and random brightness 

adjustment in the range [−0.2, +0.2], Gaussian 

noise injection with standard deviation σ = 0.05, 

random shear transformation with a shear range 

of 0.2, and random channel shifting. Each 

augmented image was generated dynamically 

during training without increasing the stored 

dataset size, yielding an effective dataset size of 

approximately 280,000 augmented images per 

epoch. 

 

E. MDCE-Net Architecture 

The MDCE-Net architecture employs a dual-

backbone parallel feature extraction strategy 

followed by channel-wise attention and ensemble 

fusion. The architecture is composed of the 

following components: 

 

 

1) Dual Backbone Feature Extraction 
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Two pretrained convolutional backbones are 

employed in parallel: EfficientNetB4 (pretrained 

on ImageNet) and ResNet50 (pretrained on 

ImageNet). EfficientNetB4 utilizes compound 

scaling to balance network depth, width, and 

resolution efficiently, producing feature maps 

with rich multi-scale representations. ResNet50 

employs residual connections to enable very 

deep feature learning while mitigating the 

vanishing gradient problem. For an input image x 

∈ R^(224×224×3), the feature extraction is 

defined as: 

F₁ = EfficientNetB4(x; θ₁)   ∈ R^(7×7×1792)     ... 

(3) 

F₂ = ResNet50(x; θ₂)         ∈ R^(7×7×2048)     ... 

(4) 

Where θ₁ and θ₂ represent the pretrained 

parameters of the respective backbones, which 

are subsequently fine-tuned during training. 

 

2) Squeeze-and-Excitation Attention 

Following feature extraction from each backbone, 

a Squeeze-and-Excitation (SE) block [16] is 

applied to recalibrate channel-wise feature 

responses. The SE block first performs global 

average pooling (squeeze operation) to compute 

channel statistics, then applies a two-layer fully 

connected excitation network to model inter-

channel dependencies, and finally rescales the 

input feature map by the learned channel 

weights. Formally, for feature map F ∈ 

R^(H×W×C): 

z_c = (1/HW) ∑ₙⁱ∈1 ∑ʷⁱ∈1 f_c(i,j)           (Squeeze)     

... (5) 

s = σ(W₂ · ReLU(W₁ · z))             (Excitation)     ... 

(6) 

Ḝ = s_c · f_c                           (Scale)          ... (7) 

Where W₁ ∈ R^(C/r×C) and W₂ ∈ 

R^(C×C/r) are learnable weight matrices with 

reduction ratio r = 16, and σ denotes the sigmoid 

activation. 

 

3) Feature Fusion and Classification 

The SE-attended feature maps from both 

backbones are passed through Global Average 

Pooling (GAP) layers to produce 1D feature 

vectors, which are concatenated to form a joint 

representation. This concatenated feature vector 

passes through a series of fully connected layers 

with batch normalization and dropout (rate = 0.5) 

before the final sigmoid classification output. 

Specifically: 

 

h = Concat(GAP(Ḝ₁), GAP(Ḝ₂))    ∈ R^(1792+2048)     

... (8) 

ŷ = σ(W_fc · BN(Dropout(h)) + b)            ... (9) 

The binary cross-entropy loss function is 

minimized during training: 

L = −[y log(ŷ) + (1−y) log(1−ŷ)]               ... (10) 

Training was performed using the Adam 

optimizer with an initial learning rate of 0.0001, 

weight decay of 1e-4, and a ReduceLROnPlateau 

scheduler that reduces the learning rate by a 

factor of 0.5 when validation loss plateaus for 5 

consecutive epochs. 

 

V. SYSTEM ARCHITECTURE AND 

WORKFLOW 
 

The overall MDCE-Net system pipeline for 

automated malaria detection consists of the 

following sequential stages, described below and 

illustrated conceptually in the workflow 

description. 

 

A. Input Stage 

Raw thin blood smear microscopy images are 

captured under standardized laboratory 

conditions (100× oil-immersion objective, Giemsa 

staining, white balance correction) or acquired 

from digitized slide scanners. Images are ingested 

as JPEG or PNG files and submitted to the pre-

processing pipeline. 

 

B. Pre-processing Stage 

The pre-processing stage applies resizing, 

normalization, CLAHE contrast enhancement, and 

background artifact removal as described in 

Section IV-C. This stage ensures uniform input 

quality regardless of the source microscope or 

imaging protocol. 

C. Augmentation Stage (Training Only) 
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During training, each pre-processed image 

undergoes stochastic augmentation as described 

in Section IV-D before being fed to the network. 

During inference, no augmentation is applied; 

test-time augmentation (TTA) with horizontal and 

vertical flips was optionally applied to compute 

ensemble predictions and reduce variance. 

 

D. Feature Extraction Stage 

The dual-backbone architecture processes each 

input image in parallel through EfficientNetB4 

and ResNet50. Both backbones were initialized 

with ImageNet pretrained weights and fine-tuned 

end-to-end from the last convolutional block (top 

30 layers unfrozen). Freezing lower layers 

preserves low-level feature detectors while 

enabling task-specific adaptation of higher-level 

features. 

 

E. Attention and Fusion Stage 

SE attention blocks recalibrate the channel-wise 

importance of features from each backbone. The 

GAP-concatenated joint feature vector encodes 

complementary multi-scale information from 

both architecture families: compound-scaled 

features from EfficientNetB4 and residual deep 

features from ResNet50. 

 

F. Classification Stage 

The fully connected classification head produces 

a scalar probability p ∈ [0, 1], where p > 0.5 

indicates a parasitized cell and p ≤ 0.5 indicates 

an uninfected cell. A confidence score is also 

output alongside the classification to support 

clinical decision-making. 

 

G. Output Stage 

The system outputs a per-cell binary classification 

label, a confidence probability, and (optionally) a 

Grad-CAM activation map highlighting the 

regions of the cell image most influential for the 

classification decision. These explain ability 

feature supports clinician trust and diagnostic 

transparency. 

VI. DATASET DESCRIPTION 
 

Table II summarizes the datasets employed in this 

study, including their sources, image counts, class 

distributions, and image resolutions. 

 

TABLE II. Dataset Description and Statistics 

Datas

et 

Sour

ce 

Tot

al 

Im

age

s 

Paras

itized 

Uninf

ected 

Resol

ution 

NIH 

Malari

a 

Datas

et 

NIH/

NIAI

D 

27,

558 

13,77

9 

13,77

9 

Varia

ble 

Kaggl

e Cell 

Image

s 

Kagg

le 

27,

558 

13,77

9 

13,77

9 

130×

130 

px 

BBBC0

41 

(Augm

ented) 

Broa

d 

Instit

ute 

1,3

64 

590 774 Varia

ble 

Combi

ned 

(Used) 

Multi

-

sourc

e 

56,

480 

28,14

8 

28,33

2 

224×

224 

px 

 

The NIH Malaria Dataset was originally collected 

at the Chittagong Medical College Hospital, 

Bangladesh, using Giemsa-stained thin blood 

smear slides from 150 P. falciparum-infected 

patients and 50 healthy individuals. Images were 

captured at 100 × magnifications using an 

Olympus BX53 microscope equipped with a DP27 

camera. Individual cell segmentation was 

performed using a level-set-based algorithm, 

yielding 27,558 single-cell images balanced 

between parasitized and uninfected classes. 

 

The BBBC041 dataset from the Broad Bio image 

Benchmark Collection contains annotated images 

from both P. falciparum and P. vivax infections, 

including multiple parasite life stages. After 

quality filtering to remove images with excessive 

staining artifacts or out-of-focus regions, 1,364 
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images were incorporated. All images in the 

combined dataset were resized to 224 × 224 

pixels and verified for label consistency by a 

board-certified clinical pathologist. 

 

The final combined dataset of 56,480 images was 

partitioned into training (70%, 39,536 images), 

validation (15%, 8,472 images), and test (15%, 

8,472 images) sets using stratified random 

sampling to maintain class balance across all 

splits. 

 

VII. EXPERIMENTAL RESULTS 

 

A. Performance on Test Set 

The MDCE-Net model was evaluated on the held-

out test set of 8,472 images following training 

over 50 epochs. The model achieved a peak test 

accuracy of 99.21%, with corresponding precision 

of 99.08%, recall of 99.34%, F1-score of 99.21%, 

and AUC-ROC of 0.9987. Notably, the training 

accuracy converged to 99.61% and validation 

accuracy to 99.18% by epoch 47, with early 

stopping triggered at epoch 47 based on the 

validation loss criterion. The loss curves exhibited 

smooth convergence without significant 

oscillation, confirming effective regularization via 

dropout and L2 weight decay. 

 

B. Comparative Analysis 

Table IV presents a comprehensive comparison of 

MDCE-Net against classical machine learning 

baselines (SVM, Random Forest, KNN, Decision 

Tree) and competitive deep learning architectures 

(standalone CNN, VGG16, ResNet50, 

EfficientNetB4) trained under identical 

experimental conditions. 

 

 

TABLE IV. Performance Comparison of MDCE-Net with Baseline and State-of-the-Art Methods 

Model Architecture Accuracy 

(%) 

Precision 

(%) 

Recall (%) F1-

score 

(%) 

Params 

(M) 

SVM (Baseline) RBF Kernel 91.34 90.87 91.12 90.99 N/A 

Random Forest 500 Trees 93.12 92.45 93.07 92.76 N/A 

KNN k=5 89.56 88.90 89.34 89.12 N/A 

Decision Tree CART 87.23 86.89 87.11 87.00 N/A 

CNN (Custom) 5-Conv Layers 96.78 96.54 97.01 96.77 3.2 

VGG16 (TL) 16 Layers 97.45 97.12 97.63 97.37 138 

ResNet50 (TL) 50 Layers 98.23 98.01 98.45 98.23 25.6 

EfficientNetB4 EfficientNet 98.67 98.44 98.89 98.66 19.3 

MDCE-Net 

(Proposed) 

Hybrid CNN-SE 99.21 99.08 99.34 99.21 22.1 

 

As evident from Table IV, MDCE-Net achieves the 

highest accuracy (99.21%) among all evaluated 

methods while maintaining a parameter count 

(22.1M) substantially lower than VGG16 (138M). 

Classical machine learning methods, while 

computationally efficient, exhibit significantly 

lower accuracy (87.23%–93.12%) due to their 

reliance on handcrafted features that fail to 

capture the complex morphological diversity of 

parasitized cells. Among deep learning 

architectures, single-backbone approaches 

(ResNet50: 98.23%, EfficientNetB4: 98.67%) are 

outperformed by the dual-backbone ensemble 

strategy of MDCE-Net, confirming the 

complementary nature of the two backbone 

feature representations. 

 

C. Confusion Matrix Analysis 

The confusion matrix for MDCE-Net on the test 

set (4,236 parasitized, 4,236 uninfected images) 

yielded: True Positives (TP) = 4,208, True 
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Negatives (TN) = 4,193, False Positives (FP) = 43, 

and False Negatives (FN) = 28. This corresponds 

to sensitivity (recall) of 99.34% and specificity of 

98.98%. The low false negative rate is particularly 

clinically significant, as missed malaria diagnoses 

(false negatives) carry higher clinical 

consequences than false alarms. 

 

D. ROC Curve Analysis 

The Receiver Operating Characteristic (ROC) 

curve for MDCE-Net demonstrates near-perfect 

discrimination performance, with an Area under 

the Curve (AUC) of 0.9987. Comparative ROC 

curves for ResNet50 (AUC = 0.9961), 

EfficientNetB4 (AUC = 0.9974), and VGG16 (AUC 

= 0.9943) confirm that MDCE-Net achieves 

superior true positive rates at all false positive 

thresholds, validating the effectiveness of the 

dual-backbone SE attention ensemble. 

 

E. Ablation Study 

To assess the contribution of each architectural 

component, an ablation study was conducted 

with the following configurations: (1) 

EfficientNetB4 alone (98.67%), (2) ResNet50 alone 

(98.23%), (3) EfficientNetB4 + ResNet50 without 

SE attention (98.89%), and (4) full MDCE-Net with 

SE attention (99.21%). The incremental accuracy 

improvements confirm that both the dual-

backbone ensemble fusion (+0.22% over single-

backbone) and the SE attention mechanism 

(+0.32% over fusion without attention) contribute 

significantly to the final model performance. 

 

IX. DISCUSSION 
 

The experimental results demonstrate that 

MDCE-Net achieves state-of-the-art performance 

in automated malaria parasite detection from thin 

blood smear images, surpassing both classical 

machine learning methods and single-backbone 

deep learning architectures. Several key insights 

emerge from this analysis. 

The dual-backbone ensemble strategy proves 

highly effective because EfficientNetB4 and 

ResNet50 learn complementary feature 

representations: EfficientNetB4 excels at 

extracting fine-grained multi-scale features via 

compound scaling, while ResNet50 captures deep 

residual features effective for distinguishing 

subtle morphological differences between 

parasite life stages. The SE attention mechanism 

further enhances this by selectively amplifying 

channels corresponding to diagnostically relevant 

features (chromatin dots, parasite membrane, 

hemozoin crystals) while suppressing staining 

artifacts. 

 

Clinically, the model's high sensitivity (99.34%) is 

particularly important for malaria screening 

applications, where the cost of missing an 

infected patient (false negative) is substantially 

higher than the cost of an unnecessary 

confirmatory test (false positive). The specificity of 

98.98% ensures that the false alarm rate remains 

clinically manageable. 

 

From a deployment perspective, MDCE-Net's 

22.1M parameter count and approximately 4.7 

GFLOPs inference cost per image makes it 

feasible for deployment on moderately powerful 

edge devices (e.g., NVIDIA Jetson Nano) or cloud-

connected mobile applications. Quantization-

aware training and model pruning (explored as 

future work) could further reduce the model size 

for deployment on low-power devices without 

significant accuracy degradation. 

 

A limitation of the current work is that the model 

was evaluated exclusively on P. falciparum-

infected samples from the NIH/Kaggle dataset, 

which does not represent the morphological 

diversity of other Plasmodium species (P. vivax, P. 

malariae, P. ovale). Clinical deployment would 

require additional species-specific training data 

and multi-class extension of the architecture. 

Furthermore, model performance under varying 

staining quality, slide thickness, and microscope 

magnification conditions requires further cross-

site validation studies. 

 

X. CONCLUSION 
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This paper presented MDCE-Net, a novel Multi-

Scale Deep Convolutional Ensemble Network for 

automated malaria parasite detection from thin 

blood smear cell images. By integrating parallel 

dual-backbone feature extraction (EfficientNetB4 

and ResNet50), Squeeze-and-Excitation channel 

attention, and ensemble feature fusion, the 

proposed architecture achieves a test accuracy of 

99.21%, precision of 99.08%, recall of 99.34%, F1-

score of 99.21%, and AUC-ROC of 0.9987 on a 

combined dataset of 56,480 cell images from 

multiple public sources. 

 

Comparative analysis demonstrates that MDCE-

Net outperforms both classical machine learning 

methods (SVM, Random Forest, KNN, Decision 

Tree) and state-of-the-art single-backbone deep 

learning architectures (VGG16, ResNet50, 

EfficientNetB4) under identical experimental 

conditions, while maintaining a parameter-

efficient design relative to VGG16. Ablation 

studies confirm the individual contributions of the 

SE attention mechanism and dual-backbone 

ensemble strategy. 

 

The proposed system presents a robust, scalable, 

and clinically viable foundation for AI-assisted 

malaria diagnosis tools suitable for integration 

into healthcare delivery systems in malaria-

endemic, resource-limited environments. The 

combination of high sensitivity, strong 

generalization performance, and feasible 

computational requirements positions MDCE-Net 

as a promising candidate for real-world clinical 

deployment and public health impact. 

 

XI. FUTURE SCOPE 
 

Several directions exist for extending the current 

work to broaden its clinical applicability and 

technical capabilities: 

9. Multi-Species Classification: Extension of 

MDCE-Net to a multi-class framework 

capable of differentiating among P. 

falciparum, P. vivax, P. malariae, P. ovale, and 

P. knowlesi, as well as identifying parasite life-

cycle stages (ring, trophozoite, schizont, 

gametocyte), would substantially increase 

clinical utility. 

10. Explainable AI (XAI) Integration: 

Incorporating gradient-weighted class 

activation mapping (Grad-CAM), SHAP, or 

LIME explanations into the clinical workflow 

would improve diagnostic transparency and 

clinician acceptance, addressing regulatory 

requirements for AI-assisted medical devices. 

11. Federated Learning: A federated training 

framework would enable distributed model 

improvement across multiple clinical sites 

without sharing patient data, preserving 

privacy and enabling the model to learn from 

diverse staining protocols, microscopes, and 

parasite strains. 

12. Mobile and Edge Deployment: Model 

compression techniques including 

knowledge distillation, structured pruning, 

and INT8 quantization will be explored to 

enable deployment on low-power 

Android/iOS devices and edge computing 

hardware (Raspberry Pi, Jetson Nano) for 

point-of-care use in field settings. 

13. IoT-Integrated Smart Microscopy: Integration 

of MDCE-Net with IoT-enabled digital 

microscopes capable of automated slide 

scanning and wireless transmission of cell 

images to a cloud-hosted inference API 

would enable real-time diagnostic support in 

remote health posts. 

14. Self-Supervised and Few-Shot Learning: 

Exploration of contrastive self-supervised 

pretraining and few-shot learning 

frameworks would reduce dependence on 

large labelled datasets, enabling faster model 

adaptation to new parasite species or 

staining protocols with minimal annotation 

effort. 
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