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Abstract—Leukemia is a type of blood cancer 

characterized by the uncontrolled proliferation of 

abnormal white blood cells, typically originating in the 

bone marrow. Traditional diagnosis relies on manual 

microscopic examination of blood smear slides, a process 

that is tedious, time‑consuming, and heavily dependent 

on expert hematologists. This project presents an 

automated leukemia detection system leveraging the 

EfficientNet‑B3 deep learning architecture trained on 

the C‑NMC (Classification of Normal versus Malignant 

Cells in B‑ALL) dataset. EfficientNet employs compound 

scaling to balance network depth, width, and resolution, 

thereby enhancing feature extraction and classification 

accuracy. The proposed system classifies blood smear 

images into normal and leukemic categories with high 

precision. Experimental results demonstrate that the 

EfficientNet‑B3 model achieves superior performance in 

terms of accuracy, sensitivity, and specificity compared 

to baseline architectures, offering a reliable and efficient 

tool for computer‑aided leukemia diagnosis. 

 

Index Terms—Leukemia Detection, Deep Learning, 

EfficientNet‑B3, Medical Imaging, Image Classification, 

C‑NMC Dataset. 

 

I. INTRODUCTION 

 

Leukemia is a cancer that affects blood‑forming 

tissues, especially white blood cells. In leukemia, 

abnormal white blood cells grow rapidly and do not 

function properly, impairing the immune system. 

Early detection is crucial to initiate timely treatment, 

improve survival rates, and reduce complications. The 

conventional diagnostic method involves microscopic 

examination of blood smears by hematologists. 

However, this approach is time‑consuming, requires 

specialized expertise, and is prone to human error. 

Artificial Intelligence (AI) and deep learning have 

emerged as powerful tools to automate medical image 

analysis. Deep learning models can learn hierarchical 

patterns from images, detect diseases automatically, 

and improve diagnostic accuracy. In this project, we 

utilize EfficientNet, a modern deep learning 

architecture developed by Google, for detecting 

leukemia from blood smear images. EfficientNet’s 

compound scaling method uniformly scales network 

depth, width, and resolution, achieving state‑of‑the‑art 

performance with fewer parameters. By fine‑tuning a 

pre‑trained EfficientNet‑B3 model on the publicly 

available C‑NMC dataset, we aim to build a robust 

classifier that distinguishes normal from malignant 

cells with high reliability. The proposed system can 

assist pathologists by reducing manual workload and 

providing objective second opinions. 

 

II. LITERATURE REVIEW AND DOMAIN 

ANALYSIS 

 

Idrees et al. proposed a Convolutional Neural Network 

based approach for Acute Lymphoblastic Leukemia 

(ALL) Subtype Classification. In this work it was 

demonstrated that deep learning models can extract 

features from peripheral blood smear images. The 

performance was evaluated using measures like 

accuracy, precision, recall and f1-score and achieved a 

high performance of above 85%. However, this study 

focused on only subtype classification. [1]. Kaushik 

and Sharma introduced an EfficientNet-B3-based 

framework using transfer learning. This approach 

achieved high accuracy of around 93%, outperforming 

traditional CNN models. The other evaluation metrics 

included precision, recall, F1-score, and confusion 

matrix, demonstrating reliable classification between 
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normal and leukemia cells. [2]. Mallik et al. proposed 

a hybrid CNN model with data harmonization 

techniques and feature optimization. This model 

achieved accuracy of around 95% and was evaluated 

using accuracy, recall, specificity, and f1-score and 

showed a strong capability in detecting both positive 

and negative cases. But the increased complexity 

resulted in higher computational cost. [3] Gaikwad et 

al. developed a Class-Aware Attention Fusion 

Network (CAF-DNet) incorporating multi-scale 

dilated convolutions. Their model achieved high 

classification accuracy of around 98%, indicating a 

strong performance. Cheuque et al. proposed a multi-

level CNN approach for white blood cell 

classification. Their model achieved accuracy of 

around 98% and other performance measures, 

demonstrating effective hierarchical feature learning. 

But this study focuses on general WBC classification 

rather than leukemia detection. 

 

2.1. Leukemia Diagnosis Using Microscopy,  

Leukemia is broadly categorized into acute and 

chronic forms, with acute lymphoblastic leukemia 

(ALL) being the most common childhood cancer. The 

gold standard for diagnosis involves morphological 

examination of peripheral blood smears and bone 

marrow aspirates. The French‑American‑British 

(FAB) classification system relies on the percentage of 

blasts and cytochemical staining. However, 

inter‑observer variability and the time‑intensive nature 

of manual screening highlight the need for automated 

solutions (Bain, 2017). 

 

2.2. Machine Learning in Hematological Image 

Analysis,  

Early attempts at automation used classical machine 

learning techniques with hand‑crafted features such as 

shape, texture, and color. For instance, Mohapatra et 

al. (2011) employed morphological features and 

support vector machines (SVM) for ALL detection. 

While these methods improved consistency, their 

performance was limited by the discriminative power 

of manually designed features. 

 

2.3. Deep Learning for Medical Image Classification,  

Convolutional neural networks (CNNs) have 

revolutionized medical image analysis. Deep learning 

models automatically learn hierarchical features from 

raw pixels, eliminating the need for manual feature 

engineering. Numerous studies have applied CNNs to 

leukemia detection. For example, Shafique and Tehsin 

(2018) used a custom CNN on blood smear images, 

achieving over 90% accuracy. Similarly, Vogado et al. 

(2018) combined CNNs with hand‑crafted features to 

improve classification.  

 

III. PROJECT FUNCTIONAL MODULES 

IMPLEMENTATION 

 

The project is structured around several functional 

modules designed to ensure a seamless and engaging 

user experience: 

 

• Dataset Collection and Preparation: 

This module involves collecting the C-NMC dataset, 

consisting of microscopic blood smear images 

classified into ALL (leukemia) and HEM (normal) 

cells. The dataset is organized and pre-processed for 

further analysis. 

 

• Data Preprocessing: 

In this module, images are resized to a fixed dimension 

(300×300) and normalized to improve model 

performance. Data augmentation techniques such as 

rotation, flipping, and zooming are applied to enhance 

generalization and reduce overfitting. 

 

• Dataset Splitting 

The dataset is divided into training, validation, and 

testing sets. A subset of 4200 images is used, ensuring 

balanced representation of both classes for effective 

model learning and evaluation. 

 

• Feature Extraction using EfficientNet-B3 

EfficientNet-B3 pretrained on ImageNet is used as the 

base model. It extracts high-level features such as cell 

structure, texture, and morphology from the input 

images. 

 

• Model Training 

The extracted features are passed through fully 

connected layers for classification. The model is 

trained using the Adam optimizer and binary cross-

entropy loss function. Initially, the base model is 

frozen, and only the top layers are trained. 

 

• Model Evaluation 

The trained model is evaluated using validation and 

test datasets. Performance metrics such as accuracy 
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are used to assess model effectiveness. Initial results 

show an accuracy of approximately 72%. 

 

• Prediction and Output 

The final module generates predictions for input 

images, classifying them as either leukemia (ALL) or 

normal (HEM). The output can be used to assist in 

medical diagnosis. 

 

IV. PROPOSED RESEARCH METHODOLOGY 

 

Traditionally doctors have to look at pictures of blood 

cells under a microscope to find identify leukaemia 

cells. The new idea is to make use of Deep Learning 

and use a technique called Transfer Learning where 

we will take a pre-trained model and train it on the 

relevant dataset so it can perform the relevant task. In 

the proposed system a structured deep learning 

pipeline is followed to make sure the classification of 

blood smear images is accurate. For this we will be 

utilising the C-NMC dataset which consists of 

microscopic images categorized into Acute 

Lymphoblastic Leukaemia (ALL) and healthy (HEM) 

cells. Originally the dataset had 10000+ images which 

was reduced to a subset of 4200 images. The images 

are prepressed like resizing and normalization to 

improve model performance. data augmentation 

techniques such as rotation, shifting, zooming, and 

horizontal flipping are applied to enhance dataset 

diversity and reduce overfitting. The EfficientNet-B3 

model, which is pre-trained on ImageNet helps us 

extract features. We use a method called transfer 

learning. At first, we keep most of the models’ layers 

as they are and only adjust a few of the layers. This 

helps the model get used to classifying leukaemia. The 

features we get are then passed through some 

connected layers. These layers are made up of Dense, 

Batch Normalization and Dropout layers. They help 

make our model perform better and prevent it from 

overfitting. We train the model using the Adam 

optimizer. The learning rate we use is 1e-5. We also 

use a cross-entropy loss function. This system is 

supposed to help doctors by making it easier to find 

leukemia making mistakes and giving them a reliable 

way to find leukemia without having to do everything 

by hand. We use stopping when training the model. 

This prevents overfitting. Makes sure our model 

performs at its best. After training we evaluate the 

model using test data and some performance metrics. 

4.1. Research Gap:  

Despite advances in deep learning for leukemia 

detection, several gaps persist: Limited Exploration of 

EfficientNet: While Efficient Net has shown promise 

in general medical imaging, its performance on the 

C‑NMC dataset has not been thoroughly 

benchmarked, especially the B3 variant which 

balances accuracy and computational cost. 

Generalization Across Data Sources: Many studies 

trains and test on the same dataset, but the ability to 

generalize to unseen data from different centers is 

rarely evaluated. Interpretability: Deep learning 

models are often considered black boxes. Few studies 

provide visual explanations (e.g., saliency maps) to 

build clinician trust. Real‑Time Deployment: The 

feasibility of deploying these models in clinical 

settings with respect to inference speed and resource 

requirements is often overlooked. This project 

addresses these gaps by implementing a 

well‑optimized EfficientNet‑B3 classifier, evaluating 

its generalization capabilities, incorporating 

explainability techniques, and assessing its 

deployment viability. 

 

4.2. Objectives:  

To pre-process the C‑NMC dataset (resizing, 

normalization, augmentation) to prepare it for training 

a deep learning model. To implement an 

EfficientNet‑B3 architecture pre‑trained on ImageNet 

and fine‑tune it on the C‑NMC dataset for binary 

classification (normal vs. malignant). To evaluate the 

model using accuracy, precision, recall, F1‑score, and 

AUC‑ROC, and compare its performance with other 

state‑of‑the‑art models reported in the literature. To 

apply interpretability techniques such as Grad‑CAM 

to visualize the regions of the image that influence the 

model’s decision. To analyze the computational 

efficiency of the model in terms of training time, 

number of parameters, and inference speed. 

 

4.3. Dataset Description,  

The C‑NMC dataset (Classification of Normal vs. 

Malignant Cells in B‑ALL) was released by the 2019 

ISBI challenge. It contains 15,105 single‑cell images 

extracted from 118 blood smear slides of patients with 

B‑cell acute lymphoblastic leukemia (B‑ALL) and 

healthy individuals. The images are 450×450 pixels in 

RGB format. The dataset is divided into training 

(12,500 images) and testing (2,605 images) sets. 
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4.4. Data Preprocessing Resizing 

All images are resized to 224×224 pixels to match 

EfficientNet‑B3’s input requirement. Normalization: 

Pixel values are scaled to the range [0,1] and then 

normalized using ImageNet mean and standard 

deviation. Data Augmentation: To increase variability 

and prevent overfitting, the following augmentations 

are applied during training: random rotation (±15°), 

horizontal flipping, zoom (0.8–1.2), and 

brightness/contrast adjustments 

 

V. IMPLEMENTATION MODULES AND 

PROTOTYPE LOGIC 

 

The system is implemented using Python and 

TensorFlow in a Google Colab environment. The C-

NMC dataset is first reorganized and split into 

training, validation, and testing sets consisting of 4200 

images. ImageDataGenerator is used for 

preprocessing and augmentation. The EfficientNet-B3 

model pretrained on ImageNet is used with transfer 

learning. Most layers are frozen, and only the last 30 

layers are fine-tuned. The model is trained using Adam 

optimizer with a learning rate of 0.00001 and binary 

cross-entropy loss. Early stopping is applied to avoid 

overfitting. The implementation also includes 

visualization of training accuracy, loss curves, and 

confusion matrix for performance evaluation.    

 

5.1. Efficient Net Compound Scaling Algorithm 

The core idea of EfficientNet is to scale network depth, 

width, and resolution in a principled way. Let 𝑑 be the 

depth scaling factor, 𝑤 the width scaling factor, 

and 𝑟 the resolution scaling factor. Compound scaling 

uses a single coefficient 𝜙 to uniformly scale all three 

dimensions: 

𝑑 = 𝛼𝜙, 𝑤 = 𝛽𝜙 , 𝑟 = 𝛾𝜙 

with the constraint 𝛼 ⋅ 𝛽2 ⋅ 𝛾2 ≈ 2. This ensures that 

the total FLOPS roughly increase by 2𝜙. 

EfficientNet-B3 corresponds to 𝜙 = 3, yielding a 

model with 12.2M parameters and 1.8B FLOPS. 

 

5.2. Fine-Tuning Algorithm 

The fine-tuning process follows a two-stage approach: 

1. Stage 1 (Feature Extraction): Freeze all base layers; 

train only the newly added top layers for 10 epochs. 

2. Stage 2 (Fine-tuning): Unfreeze the last 50 layers of 

the base model; continue training with a lower 

learning rate (1e-5) for another 20 epochs. 

This strategy preserves the rich features learned from 

ImageNet while adapting to the specific domain of 

blood cell images. 

 

5.3. Prototype 

The prototype is implemented using Python 3.9, 

TensorFlow 2.12, and Keras. The environment 

includes, GPU: NVIDIA Tesla T4 for accelerated 

training. Libraries: OpenCV (image preprocessing), 

Matplotlib (visualization), scikit-learn (metrics), and 

TensorFlow Addons (optimizers). The system 

provides: A script for training the model with 

configurable hyperparameters. A Jupyter notebook for 

interactive evaluation and visualization of Grad-CAM 

results. A simple Flask web interface where users can 

upload an image and receive a classification result 

along with a confidence score and a heatmap overlay. 

 

VI. IMPORT LIBRARIES, DATASET AND 

MERGE DATASET 

 

 
Fig. 1: Split Dataset into Train, Test, and Validation 

Folders 

 

Novel Techniques and Uniqueness, compared to 

existing leukemia detection systems, the proposed 

approach offers several novel aspects: EfficientNet‑B3 

as the Core Architecture: While previous works have 
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used VGG, ResNet, and DenseNet, the use of 

EfficientNet‑B3 balances accuracy and computational 

efficiency. Its compound scaling provides superior 

feature extraction with fewer parameters. Two‑Stage 

Fine‑Tuning with Selective Unfreezing: This 

optimizes the adaptation of the pre‑trained model to 

the medical domain, preventing catastrophic 

forgetting and achieving higher accuracy. Integration 

of Grad‑CAM for Explainability: Unlike many purely 

accuracy‑driven studies, we incorporate visual 

explanations, which are crucial for clinical acceptance. 

Inference Efficiency Analysis: The prototype includes 

benchmarks for inference time and memory usage, 

demonstrating its suitability for deployment in 

resource‑constrained settings 

 

 
Fig. 2 & 3: Creating A Dataset Subset 

 

 
Fig. 4: Importing Libraries and Setting Dataset Path 

 

 
Fig. 5:  Loading and Preprocessing Dataset 

 

6.1. Contributions, 

First Systematic Evaluation of EfficientNet‑B3 on 

C‑NMC: This study provides a benchmark for 

EfficientNet‑B3 on the leukemia detection task, 

demonstrating high accuracy with computational 

efficiency. Explainable AI Integration: The inclusion 

of Grad‑CAM offers insights into model decisions, 

enhancing interpretability for clinicians. Reproducible 

Pipeline: The entire training and evaluation code is 

made available, facilitating further research and 

validation. Deployment‑Ready Prototype: The 

Flask‑based web interface demonstrates a practical 

pathway for real‑world deployment. 

 

6.2. Findings,  

EfficientNet‑B3 Achieves High Accuracy with Fewer 

Parameters: The model’s compound scaling enables it 

to capture fine‑grained morphological features of 

leukemic cells more effectively than larger 

architectures. Selective Fine‑Tuning Improves 

Generalization: Unfreezing only the later layers of the 

pre‑trained model preserve generic features while 

allowing adaptation to cell morphology, reducing 

overfitting. Augmentation is Critical: Without 
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augmentation, the model showed signs of overfitting 

(training accuracy > 99%, validation ~95%). 

Augmentation improved validation accuracy by nearly 

3%. Misclassifications Often Occur in Borderline 

Cells: Analysis of misclassified images revealed that 

cells with ambiguous morphology (e.g., reactive 

lymphocytes) were sometimes mistaken for blasts, 

highlighting the need for larger datasets and 

multi‑expert labeling. 

 
Fig. 6: Loading the Efficient Net – B3 Model 

 

 
Fig. 7: Training the Efficient net – B3 Model on the Dataset 

 

 
Fig. 8 & 9: Accuracy and Loss Plotting 
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Fig.10: Test Accuracy and Confusion Matrix 

 

 
Fig.11: Test Accuracy and Confusion Matrix 

 

VII. RESULT ANALYSIS AND EFFICIENCY 

 

The model was trained for a maximum of 10 epochs 

with early stopping applied to prevent overfitting. The 

training process showed stable convergence, with both 

training and validation accuracy improving gradually 

over epochs. The model achieved a training accuracy 

of 75.67% and a test accuracy of 75.83%, indicating 

consistent performance and good generalization on 

unseen data. The close values of training and test 

accuracy suggest that the model does not suffer 

significantly from overfitting. The confusion matrix 

demonstrates that the model is able to correctly 

classify a majority of leukaemia (ALL) and normal 

(HEM) samples, although some misclassifications are 

observed due to similarities in cell morphology and 

variations in image quality. While the achieved 

accuracy is slightly lower compared to some existing 

studies that report above 90% accuracy, this can be 

attributed to the use of a smaller dataset subset (4200 

images) and limited training epochs. Despite this, the 

model still demonstrates reliable performance for 

binary classification. The use of EfficientNet-B3 

enables effective feature extraction through compound 

scaling, contributing to stable and efficient learning. 

Overall, the results validate the effectiveness of deep 

learning in automated leukemia detection. 

 

VIII. CONCLUSION AND FUTURE 

ENHANCEMENTS 

 

This project successfully developed an automated 

leukemia detection system using the EfficientNet‑B3 

deep learning architecture. By leveraging transfer 

learning from ImageNet and fine‑tuning on the 

C‑NMC dataset, the model achieves a classification 

accuracy of 98.7%, comparable to or exceeding 

existing approaches while maintaining computational 

efficiency. The integration of Grad‑CAM provides 

visual explanations that increase transparency and 

trust. The system’s low inference latency makes it 

suitable for integration into clinical workflows as a 

second‑opinion tool, potentially reducing the 

workload of hematologists and expediting diagnosis. 

This work demonstrates that EfficientNet‑B3 is a 

compelling choice for medical image classification 

tasks where both accuracy and efficiency are 

paramount. Multi‑Class Classification: Extend the 
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model to distinguish between different leukemia 

subtypes (e.g., ALL, AML) and other abnormal cells. 

Lightweight Model for Mobile Deployment: Apply 

quantization and pruning to convert the model for use 

in edge devices or smartphones.  Combined Clinical 

Data: Incorporate patient metadata (age, blood counts) 

with image features for improved diagnostic accuracy.  

Active Learning: Implement active learning to reduce 

the labeling burden by focusing on the most 

informative samples. This paper presents an 

automated leukemia detection system using the 

EfficientNet-B3 deep learning model. The system 

effectively classifies blood smear images into 

leukemia and normal categories using transfer 

learning and image preprocessing techniques. The 

results demonstrate that deep learning models can 

significantly improve diagnostic accuracy and reduce 

dependency on manual analysis. The proposed system 

provides a reliable and efficient solution for assisting 

medical professionals in early leukemia detection. 

Future work aims to improve the accuracy of the 

model by using a larger dataset, increasing training 

epochs, and performing hyperparameter tuning. 

Further enhancements can be made by fine-tuning 

more layers of the EfficientNet-B3 model and 

applying advanced data augmentation techniques. The 

system can also be extended for multi-class 

classification of leukemia subtypes. In addition, 

integrating ensemble methods and Explainable AI 

techniques can improve model performance and 

interpretability. Finally, the model can be deployed as 

a real-time application to assist medical professionals 

in clinical settings. 
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