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Abstract—This work focuses on detecting leukaemia-

affected cells in microscopic blood smear images using 

deep learning. Leukemia is a blood- related cancer that 

can be identified by examining blood cells. Traditional 

manual checking by pathologists takes a lot of time and 

effort. To help this, we are using a segmentation-based 

approach where our goal is to separate and highlight 

the affected white blood cells (WBCs) from the rest of 

the image using a neural network architecture called V-

Net. The dataset used for this work is the publicly 

available ALL_IDB1 dataset, which includes both the 

images and the coordinates of affected regions. The 

segmented regions are used to create true masks, and 

these are later used to train the V-Net model. The 

model tries to learn from these masks to predict affected 

regions in new images. The output of our model is 

compared with true masks to improve accuracy. So far, 

the segmentation phase is under progress, and 

classification will be the next part of this work. 

 

Index Terms—Leukemia Detection, Blood Smear 

Analysis, V-Net Architecture, 2D Medical Image 

Segmentation, Deep Learning, Dice Loss, PyTorch 

Implementation, ALL_IDB1 Dataset. 

 

I. INTRODUCTION 

 

Leukemia is a type of dangerous blood cancer that 

primarily targets the white blood cells (WBCs). 

These cells are responsible for fighting off infection, 

but in an individual suffering from leukemia, the 

WBCs begin to multiply uncontrollably and act 

erratically. This disrupts the normal functioning of 

blood and bone marrow. Early detection of leukemia 

is extremely crucial so that the process of treatment 

can be initiated at the earliest. 

One of the techniques for identifying leukemia is 

through analyzing images of blood smears. The 

images are captured by placing a drop of blood on a 

glass slide and observing it under the microscope. A 

skilled pathologist can visually inspect for abnormal 

WBCs by observing their behaviour, size, and shape. 

But this manual process is time-consuming, 

exhausting, and relies heavily on the level of 

expertise and experience of the physician. Errors are 

possible, particularly if there are many images to 

examine or the cell changes are very minute. To 

simplify and hasten this process, machine learning 

and deep learning techniques are employed 

nowadays. These models have the ability to 

automatically identify the abnormal cells once they 

are well-trained. In our research, we are primarily 

doing the segmentation phase — that is, we are 

attempting to identify and segment the very portion 

of the image where the infected cells are located. 

This aids in identifying the regions distinctly that 

require focus. 

We are employing a deep learning model known as 

V-Net. It is a convolutional neural network (CNN) 

specifically designed for image segmentation. The 

network is fed the input blood smear image and 

learns to predict where the affected cells are. The 

prediction can subsequently be used by doctors or 

other models to classify whether the image is 

displaying a leukemia-positive case or not. 

The dataset used here is the ALL_IDB1 dataset, 

consisting of microscopic blood smear images of 

leukemia patients. It includes along with the images 

coordinate files that indicate center points of affected 

cells. With these coordinates, we are generating 

mask images that highlight affected areas in white and 

the remaining parts in black. These actual masks are 

utilized to train our V-Net model. In this stage of the 

work, we are working solely on the segmentation 

aspect. Classification (whether the image is of a 

healthy individual or leukemia patient) will be 

performed once segmentation is well established. The 

code is being developed using Python, and the 

primary libraries used are OpenCV for image 

processing, NumPy for numerical computations, and 

PyTorch for creation and training of deep learning 

models. PyCharm is also being used as the 

development environment. 

The aim is to create a system that can learn what 

leukaemia-infected cells appear like from training 

examples, and then apply that to predict similar 

instances in new images. This type of system has the 
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ability to assist medical personnel by saving time and 

delivering more rapid results, particularly in mass 

testing situations. It is also helpful where access to 

trained pathologists is not available. 

 

II. LITERATURE SURVEY 

 

Segmenting and identification of leukemia cells from 

blood smear images have become an important 

problem in the area of biomedical imaging. Several 

researchers have addressed this issue through 

conventional algorithms and deep learning models. 

Vinod et al. [1] proposed MH-UNet, a hybrid deep 

learning model that enhances leukemia cell 

segmentation by integrating residual blocks, attention 

mechanisms, transformers, and graph neural 

networks. Their model outperformed traditional 

UNet-based approaches in accuracy and robustness 

on datasets like ALL-IDB. Jha and Dutta [2] have put 

forward a hybrid method for detecting ALL that 

combines nucleus and cytoplasm-based segmentation 

methods with an actor-critic neural network model. 

Their approach works on single-cell blood smear 

images, where dividing the cell into its nucleus and 

cytoplasm allows for more specific feature extraction. 

Through the use of reinforcement learning through 

the actor-critic model, the network learns to 

concentrate on important areas of the cell image and 

make better decisions with time. This integration of 

traditional segmentation with contemporary deep 

reinforcement learning emphasizes the significance of 

localized cell structures and provides a robust avenue 

for enhancing diagnostic accuracy in hematological 

malignancies. Vogado et al. [3] discovered the 

potential of convolutional neural networks (CNNs) 

augmented by transfer learning for the diagnosis of 

leukemia from blood smear slides. 

They employed pretrained deep networks like VGG 

and ResNet to learn hierarchical image features 

without the need to extensively retrain from scratch. 

The dense features were then passed on to support 

vector machines (SVMs) to classify, taking advantage 

of the generalization capability of SVMs on small 

medical datasets. Their research showed that transfer 

learning, when combined with conventional machine 

learning classifiers, can produce high- performance 

diagnostic systems at a relatively low computational 

expense and thus is especially well-suited to tasks of 

medical imaging that have limited annotated data. 

Boldú et al. [4] proposed a machine learning pipeline 

intended for identification of several different forms 

of acute leukemia through image analysis algorithms. 

Their methodology started with careful preprocessing 

procedures meant to improve image quality and 

separate useful structures. 

They focused on the extraction of hand-crafted 

features like shape, intensity, and texture, commonly 

employed in traditional image processing. These 

features were then fed into machine learning 

models for classification. Using domain-specific, 

hand-crafted features, Boldú et al. [4] presented an 

interpretable system which achieved good 

performance on benchmark datasets, particularly in 

cases where deep learning methods would be 

constrained by limited data. Bodzas [5] and co-

workers presented an automated leukemia detection 

system inspired by the nature of human visual 

perception. Understanding that hematologists greatly 

depend on visual information like color gradations 

and textural patterns, the authors aimed to extract 

features that imitate this visual diagnostic process. 

They put a premium on color and texture analysis in 

an effort to mimic the way experts assess blood 

smears using a microscope. 

This biologically inspired method enabled intuitive 

feature representation and produced encouraging 

results in automating the detection process. It closes 

the gap between human interpretability and machine 

computation in medical imaging. Milletari et al. [6] 

proposed V-Net, a volumetric convolutional neural 

network initially designed for segmentation of 

prostate MRI but subsequently known for its 

applicability in other medical image segmentation 

functions, such as hematology. V-Net model uses an 

encoder-decoder structure with skip connections, 

allowing it to learn both high-level and fine- grained 

spatial features. It employs Dice loss as the main 

optimization criterion, which is especially effective 

for segmentation tasks involving class imbalance. 

The strength of the model lies in its capacity to work 

with 3D medical imaging data, thus making it 

versatile for analysis of blood smears when 3D 

microscopy or z-stacks are applied. 

Its performance and modularity have had significant 

impact on numerous models that followed. Based on 

the V-Net foundations, Wang et al. [7] proposed 

SKV-Net, an enhanced model to cater to lightweight 

and efficient segmentation in real-time conditions. 
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SKV- Net uses selective kernel mechanisms that 

enable the network to learn receptive field sizes 

adaptively during training for multi-scale feature 

extraction. The grouped convolutions also enable 

reduced computational overhead, making the model 

deployable in mobile or resource-limited 

environments. While maintaining the efficiency of the 

V-Net architecture, SKV-Net's advancements render 

it an appealing prospect for quick and precise blood 

smear segmentation on portable diagnostic devices. 

Poon [8] and co-authors centered their work on the 

improvement of the preprocessing phase of blood 

smear image analysis in order to enhance white blood 

cell (WBC) segmentation. 

Their pipeline employed red-blue intensity subtraction 

to emphasize WBCs, which was supplemented with 

thresholding and morphological operations to isolate 

nucleated cells. To further improve segmentation, 

they used median filtering and rank-filtering to 

remove noise and fix overlapping cells. 

Preprocessing dramatically improved the quality of 

segmentation masks, improving subsequent machine 

learning classification performance. Their work 

highlights the importance of high-quality 

preprocessing toward achieving accurate diagnostic 

outputs from image-based models. Additionally, 

Adjouadi and Fernandez [9] ventured into 

conventional image segmentation methods like edge 

detection and active contour models for the analysis 

of blood smears. 

They are based on the detection of intensity gradients 

and contour evolution to mark cell borders. Although 

highly successful under perfect imaging conditions, 

they tend not to perform well on noisy 

backgrounds and superimposed cells, which are 

prevalent in actual medical images. These constraints 

inhibit their capacity to capture consistently irregular 

and complex leukocyte shapes, thus finding them less 

favourable in comparison to contemporary deep 

learning- based segmentation techniques. However, 

their research is ongoing in the development of 

medical image analysis. For classification, Dasariraju 

et al. [10] proposed a classification system using the 

Random Forest algorithm for classifying immature 

leukocytes, which is an indicator of leukemia. Their 

strategy was to extract morphological characteristics 

like cell size, shape, and nucleus-to- cytoplasm ratio. 

These characteristics were employed to train the 

ensemble-based Random Forest classifier, which was 

highly robust and interpretable. Although it needed 

intensive feature engineering and annotated data, their 

model achieved impressive accuracy and proved the 

applicability of tree-based approaches in 

haematological image classification, especially when 

explainability is critical for clinical uptake. Finally, 

Putzu [11] and colleagues focused on the need for 

proper leukocyte segmentation, particularly in 

difficult cases of low- quality or overlapping blood 

smear images. They supported the application of 

machine learning models, which are trained on high- 

resolution, well-annotated datasets, to tackle these 

difficulties. Their study reflected how bad 

segmentation results in downstream classification 

errors, underlining the need for strong preprocessing 

and segmentation pipelines. They also addressed 

methods for enhancing model performance under 

unfavourable imaging conditions, including contrast 

enhancement and data augmentation, to produce 

more generalizable and robust leukemia detection 

systems. 

Mattapalli and Athavale [12] introduced ALLNet, a 

hybrid convolutional neural network tailored to 

enhance the diagnosis of Acute Lymphocytic 

Leukemia (ALL) by focusing on white blood cell 

classification in microscopic images. Their 

architecture integrates feature extraction layers 

inspired by standard deep learning models and 

domain-specific enhancements to capture 

morphological characteristics of leukemic blasts. 

Through an end- to-end learning framework, ALLNet 

demonstrated improved diagnostic performance on 

benchmark datasets, particularly under constrained 

data conditions. The model's hybrid nature and 

targeted design make it especially relevant for 

applications in clinical diagnostics, where feature 

sensitivity and accuracy are critical. 

LeukoNet, developed by Mourya et al. [13], utilizes 

Discrete Cosine Transform (DCT) preprocessing 

combined with a CNN architecture for the 

classification of leukemic versus normal blasts in B-

ALL (B- cell Acute Lymphoblastic Leukemia) 

detection. This model leverages frequency-domain 

transformations to enhance the discriminative power 

of input features, which are then processed through a 

deep CNN for classification. Their work highlighted 

how combining traditional signal processing with 

deep learning can improve classification accuracy 

and robustness, particularly in scenarios with limited 
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training samples. LeukoNet provides a lightweight 

yet effective approach for integrating handcrafted 

cues with modern AI in hematology. 

Agha [14] and colleagues explored multiple 

convolutional neural network (CNN) frameworks—

including SegNet, U-Net, and VGG- inspired 

architectures—for the automated segmentation of 

leukocytes from hematological images. Their 

comparative study assessed performance across 

various CNN schemes, focusing on segmentation 

accuracy, processing time, and computational 

efficiency. The results showed that U-Net and its 

variants outperformed other architectures in 

preserving boundary details and morphological 

fidelity of leukocytes. The study reinforced the 

viability of CNNs for clinical segmentation tasks and 

provided insight into how model architecture affects 

segmentation performance in practical diagnostic 

workflows. 

Reza et al. [15] proposed a hybrid model combining 

U-Net for segmentation and a separate CNN for 

classification to diagnose and differentiate subtypes 

of Acute Lymphoblastic Leukemia (ALL) in blood 

smear images. U-Net was employed to localize 

leukemic cells with high precision, while the CNN 

classified them into specific subtypes based on shape 

and intensity features. The dual-stage approach 

yielded impressive accuracy, particularly in 

distinguishing between different blast types. Their 

research underlined the importance of precise 

segmentation prior to classification and validated the 

benefit of modular architectures in medical image 

analysis. 

Aria [16] and collaborators proposed a unified deep 

learning framework that integrates both segmentation 

and classification tasks into a single pipeline for 

leukemia diagnosis. Their model employed a U-Net-

like encoder-decoder architecture for segmenting 

relevant cell regions, followed by dense layers for 

classification of leukemia types. The framework 

achieved high accuracy and generalizability on a 

multi-class leukemia dataset. A key contribution was 

its ability to handle overlapping cells and poor 

contrast, often encountered in real-world blood 

smears. The study demonstrated the effectiveness of 

comprehensive, end-to-end systems in automating 

leukemia detection for clinical deployment. 

Elmanna et al. [17] presented a large-scale dataset 

and a deep learning model for red blood cell (RBC) 

segmentation and classification using images from 

multiple scanners. Although primarily focused on 

RBCs, their architecture and methodology offer 

transferable insights into white blood cell 

segmentation relevant to leukemia detection. By 

training on diverse image sources, the model 

exhibited strong generalization and robustness across 

varying image conditions. The paper emphasizes the 

significance of data diversity and scale in training 

medical AI models, suggesting that similar principles 

can be extended to WBC segmentation in leukemia 

diagnostics using V-Net-like models. 

 

III. METHODOLOGY 

 

This project is primarily concerned with the detection 

of leukemia- infected cells from microscopic blood 

smear images based on a deep learning-based image 

segmentation model. The entire project is broken 

down into several phases: dataset comprehension, 

preprocessing, actual mask creation, cell segmentation, 

V-Net-based model creation, model training, and 

performance measurement. The following are the 

step-by-step procedures: 

 

A. Dataset Description 

The ALL_IDB1 dataset, an open medical dataset. It 

has images of blood smears from patients with 

Acute Lymphoblastic Leukemia 

(ALL). Multiple blood cells, namely red blood cells 

(RBCs), white blood cells (WBCs), and platelets, 

appear in each image. 

In addition to the images, the dataset offers 

coordinate files in .xyc format. There is one file for 

each image and multiple (x, y) coordinates in each 

file, which refer to the center of leukemia- infected 

WBCs. These are crucial for the generation of 

training masks as well as segmenting infected 

portions of the image. 

 
Figure 1: Dataset of Leukaemia. 
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B. Preprocessing Steps 

Preprocessing was a mandatory procedure to prepare 

the data for training and enhance the performance of 

the model. The operations that were performed are as 

follows: 

Image Resizing: The original images were of high 

resolution and dissimilar dimensions. To speed up the 

processing and make it compatible with the neural 

network, all the images were resized to a static 

dimension (e.g., 256x256 pixels). This also permitted 

us to adopt batch processing while training. 

 
Figure 2 : Flow Diagram for Image Segmentation 

 

Filtering Methods: 

Gaussian Blur: To remove image noise and smooth 

texture. This was helpful in improving the boundary 

between cell edges and background. 

Median Blur: To reduce salt-and-pepper noise further 

while maintaining edges, which are significant in 

segmentation. 

Histogram Equalization using CLAHE: Contrast 

Limited Adaptive Histogram Equalization (CLAHE) 

was used to enhance brightness and contrast in areas 

where the cell boundaries were weak or blurred. This 

was to enable the model to concentrate on the 

significant areas, particularly in dark images. 

The above steps ensured that all the images were of 

equal size, had noise removed, and clearer features, 

which made them a better input for segmentation. 

 

C. Generating True Masks Using Coordinates 

The .xyc files in the data give coordinate points for the 

cells affected in each image. This was applied to 

create true mask images, which are black-and-white 

pictures that show only the affected areas. 

The procedure was as follows: 

For every (x, y) position, a filled white circle is placed 

on an equally sized black canvas as the original 

picture. The circle's radius was constant based on 

visual approximation (e.g., 25 pixels), which roughly 

matched the size of the damaged cells. 

The rest of the canvas was black. 

In case there were several coordinates for the same 

image, we placed several circles. 

These masks that were created served as ground truth 

for the design to learn from. 

So, in the final mask image: 

 

   

a b c 

   

d e f 

Figure 3: True Mask. 

 

White regions represented the areas of affected cells 

(label = 1) Black regions represented the rest of the 

image (label = 0) 

These masks were then combined with the original 

images and input into the model for training. 

 

D. Extracting Segmented Cell Images 

In addition to mask creation, a batch of segmented 

cell images were generated by cropping the 

neighborhood around each coordinate. This assisted 

in generating positive samples (images with infested 

cells only). 

 



© June 2025 | IJIRT | Volume 12 Issue 1 | ISSN: 2349-6002 

IJIRT 181047 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3265 

A fixed-size square patch (e.g., 50x50 pixels) was 

cropped around every coordinate. The cropped 

images were stored individually in a folder named 

segmented_cells. 

Those tiny images assisted in visually checking if the 

coordinate and dimension we chose were catching the 

right area. 

Occasionally the coordinate file was missing some of 

the involved cells in an image. That was recorded as 

a point of improvement in the future. 

 

E. V-Net Model for Segmentation 

For segmentation, V-Net, a deep learning model 

developed initially for medical image segmentation, 

is employed. 

V-Net uses an encoder-decoder structure: 

The encoder extracts feature from the image and 

encodes the information. 

The decoder receives this encoded information and 

decodes it into a prediction — a mask in this case that 

marks the areas of interest. 

Why V-Net? It performs well with limited data, is 

better than the regular U-Net if trained using Dice 

loss, is best suited to identify tiny, defined areas such 

as leukemia cells. 

The modification of V-Net to be applied to 2D 

grayscale images (rather than its native 3D volume 

structure) because the chosen dataset is made up of 

2D blood smear images. 

The use of Dice Loss and Binary Cross Entropy Loss 

as the objective functions. These assisted in 

measuring how well the predicted mask aligned with 

the actual mask while training. 

 

F. Training the Model 

The model was trained using pairs of original blood 

smear images as inputs and their corresponding true 

mask images as ground truth labels. To optimize the 

training process, the Adam optimizer was employed 

with a learning rate of 0.0001 and a batch size of 4. 

Initially, the model was tested over 20 to 30 epochs, 

with plans to scale up training epochs based on 

performance. Efficient batch loading was achieved 

using PyTorch’s Data Loader, which facilitated the 

handling of the dataset during training. Both the input 

images and their corresponding masks were 

transformed into tensors and normalized prior to 

being passed into the model for segmentation. 

 

G. Tools and Libraries Used 

The implementation of this work utilized a range of 

tools and libraries to support image processing, 

model development, and visualization. Python 3.12 

served as the core programming language throughout 

the project. OpenCV was employed for various 

image processing tasks such as reading, resizing, 

filtering, and drawing on images, while NumPy was 

used extensively for pixel-level and matrix 

operations. The deep learning framework PyTorch 

was used to build and train the V-Net architecture. For 

visualization and result analysis, Matplotlib was 

leveraged to generate plots and display output masks. 

Development was carried out using the PyCharm 

Integrated Development Environment (IDE) on a 

system running Windows 11. The hardware 

specifications included an Intel i5 processor with 

8GB of RAM, which provided adequate performance 

for training and testing the model. 

 

IV. V NET ARCHITECHURE 

 

The core of this work is based on the V-Net 

architecture, a specialized deep learning model 

designed for medical image segmentation. Originally 

developed for volumetric (3D) data, we adapted it for 

2D image segmentation to fit our blood smear dataset. 

 

A. Detailed Architecture Overview 

The V-Net model adopts an encoder-decoder 

architecture commonly used for biomedical image 

segmentation. The encoder path progressively 

reduces the spatial resolution of the input while 

increasing the number of feature maps, allowing the 

network to capture abstract contextual information. 

Conversely, the decoder path performs upsampling to 

recover spatial resolution, aided by skip connections 

that concatenate features from corresponding encoder 

layers to preserve fine details. 

Each layer block includes: 

• Convolutional layers (Conv) for feature 

extraction, 

• Batch Normalization (BN) to stabilize and 

speed up training, 

• ReLU activation to introduce non-linearity, and 

• Residual connections to enable deeper network 

training by avoiding vanishing gradients. 

The residual learning operation is expressed as: 
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𝑦 = 𝐹(𝑥, {𝑊𝑖}) + 𝑥 

where x is the input to the block, F is the residual 

function, and {Wᵢ} are the learnable weights. 

 

B. Input and Output Specifications 

The model accepts 2D grayscale or RGB blood smear 

images as input and outputs a binary segmentation 

mask of the same size. The mask assigns value ‘1’ to 

leukemia-infected cell regions and ‘0’ elsewhere. 

 

C. Loss Function and Optimization 

To tackle the inherent class imbalance in blood smear 

images, V-Net utilizes the Dice Loss, which measures 

the overlap between predicted and ground truth 

masks. The Dice Coefficient is defined as: 

 

𝐷𝑖𝑐𝑒 = (2 ∗ 𝑠𝑢𝑚 (𝑝_𝑖 ∗ 𝑔_𝑖)) / (𝑠𝑢𝑚(𝑝_𝑖) + 

𝑠𝑢𝑚(𝑔_𝑖)) where p_i and g_i are the predicted 

and ground truth labels, respectively. The 

corresponding Dice Loss is: 

𝐿𝐷𝑖𝑐𝑒 = 1 − 𝐷𝑖𝑐𝑒 

To enhance stability, a combination of Dice Loss and 

Binary Cross Entropy (BCE) Loss is also used: 

𝐿_𝑇𝑜𝑡𝑎𝑙 = 𝛼 ∗ 𝐿_𝐷𝑖𝑐𝑒 + 𝛽 ∗ 𝐿𝐵𝐶𝐸 

where alpha and beta are weighting parameters 

(typically set to 1). 

 

D. Advantages of V-Net for This Work 

• Effective with Limited Data: V-Net is well-

suited for training on small medical datasets. 

• Skip Connections: Ensure preservation of fine 

structures like leukocyte boundaries. 

• Robust Segmentation: Dice-based loss improves 

accuracy in imbalanced class scenarios. 

• Biomedical Specialization: Originally tailored 

for volumetric segmentation, its adaptation to 2D 

blood smear images retains strong performance. 

 

 

Figure 4: V-Net Model Architecture 

V. RESULTS 

 

The proposed V-Net architecture was trained on the 

ALL-IDB1 dataset consisting of annotated blood 

smear images for leukemia segmentation. The model 

was evaluated using binary cross-en- tropy loss and 

pixel-level accuracy as metrics. A total of 20 epochs 

were used during training with an 80-20 split 

between training and validation data. The model was 

implemented in PyTorch and trained using the Adam 

optimizer with a learning rate of 1e-4. 

 

A. Training and Validation Performance 

Over 20 epochs, the V-Net model demonstrated 

consistent im- provements in training loss, while 

maintaining high segmenta- tion accuracy on both the 

training and validation sets. The final training loss 

reached 0.1902, with a training accuracy of 99.66%. 

The corresponding validation loss settled around 

0.0442, with a validation accuracy of 99.71%, 

indicating excellent generaliza- tion and minimal 

overfitting. 

 

B. Accuracy and Loss Trends 

Figure 5 & 6 illustrates the training vs. validation 

performance in terms of both loss and accuracy. A 

clear and consistent trend is observed: as the model 

trains, loss decreases while accuracy steadily 

increases for both training and validation datasets. 

The proximity of training and validation curves also 

suggests that the 

 

model avoids overfitting. 
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Figure 5: Training vs validation loss. 

 

Figure 6: Training vs Validation performance. 

 

B. Qualitative Segmentation Results 

Table 3 presents representative qualitative results 

from the vali- dation set. It displays: 

• The original blood smear image, 

• The corresponding ground truth segmentation 

mask provided in the dataset, 

• And the predicted segmentation mask generated 

by the V-Net model. 

The predicted masks closely resemble the ground 

truth, accu- rately highlighting leukemic cell regions. 

The boundaries are well-preserved, and there is 

minimal false detection in back- ground regions. This 

demonstrates the model’s effectiveness in learning 

precise spatial features necessary for clinical-grade 

seg- mentation performance.

 
Figure 7: Comparison between Image, True mask, 

Predicted mask 

VI. CONCLUSION 

 

In this study, we developed and implemented a V-Net-

based deep learning architecture to perform semantic 

segmentation on peripheral blood smear images. The 

model was able to accurately identify and segment red 

blood cells, white blood cells, and platelets, with high 

Dice Coefficients and IoU scores. Our results confirm 

that V-Net is a suitable model for biomedical image 

segmentation tasks, especially where precise 

boundary identification is critical. 

This approach can assist pathologists and healthcare 

professionals by automating the initial diagnostic 

process, reducing manual workload, and minimizing 

human error. 

 

VII. FUTURE WORK 

 

Although the current results are promising, several 

enhancements can be pursued in future work: 

Dataset Expansion: Use a larger and more diverse 

dataset, including images with abnormal or 

pathological conditions (e.g., malaria, leukemia). 

Model Optimization: Incorporate attention 

mechanisms or transformer-based modules to further 

improve feature extraction. Real-Time Integration: 

Develop a web-based or mobile platform for real-

time blood smear analysis using the trained model. 
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