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Abstract—The recent verticals in computer-aided 

leukemia detection have been leveling the automation of 

white blood cell (WBC) segmentation and classification 

from peripheral blood smear images for early and 

accurate diagnosis. Deep learning approaches mainly 

consisting of U-Net and its variants-U-Net++, U-Net-

VGG16/VGG19, U-Net-ResNet, WBC-Net have been 

reported to have very high segmentation accuracy, with 

Dice metric going up to 90% and IoU up to 83%. Some 

of these works are also considered hybrid methods using 

feature extraction (like GLCM, morphological, and 

geometric descriptors) combined with classical classifiers 

such as Random Forest, SVM, Naive Bayes, and K-NN 

for classifying subtypes of chronic and acute 

lymphoblastic leukemias (ALL). Even pre-processing 

operations such as color space transformation, 

watershed segmentation, and marker-based algorithms 

help greatly to improve image quality and segmentation 

results. A better insight into transfer learning and the 

design of appropriate loss functions put the advantage on 

deep learning models over traditional ones, while results 

produced in the deployment evaluation indicate that 

simpler variations of U-Net may deliver more consistent 

results in practice. All of these techniques combined 

could be the bundle of automation-leukemia diagnosis 

services.  

 

Index Terms—White Blood Cell (WBC) Segmentation, 

Deep Learning, U-Net and its Variants (U-Net++, U-Net-

VGG16/VGG19, U-Net-ResNet, WBC-Net), Leukemia 

Classification, Feature Extraction (GLCM, 

Morphological and Geometric Descriptors), Transfer 

Learning. 

 

1. INTRODUCTION 

 

Leukemia is a life-threatening hematological 

malignancy defined by the uncontrolled proliferation 

of abnormal white blood cells. Hence, for carrying out 

treatment planning and coming to a prognosis, an early 

and accurate diagnosis of leukemia is deemed very 

important. Traditionally, pathologists use manual 

methods for identifying leukocytes from peripheral 

blood smear images and detecting abnormalities. The 

entire manual approach was time-consuming and 

observer-dependent, thus, not scalable. 

With the emerging field of medical image analysis and 

machine learning, many automated WBC 

segmentation and classification systems have been 

implemented with higher precision. Proper 

segmentation plays a key role as it breaks down the 

workflow of separating the leukocytes from the 

complex background of blood smear images that vary 

with staining. Efforts have been placed in trying to 

obtain better segmentation methods by classical image 

processing techniques such as thresholding, edge 

detection, watershedding and the more recent 

approaches based on deep learning, e.g., U-Net, 

UNet++, and ResNet architectures. 

Hybridized models combining deep convolutional 

networks with transfer learning (e.g., U-Net-VGG16, 

U-Net-ResNet) have offered appreciable advances in 

capturing fine-grained leukocyte features, yielding 

improved segmentation performance over intricate 

imaging situations. 

 

 
 

Figure 1.1 : Leukemia Cell 

 

1.1 Different types of Leukemia 

Leukemia is a group of hematologic malignancies 

characterized by the uncontrolled proliferation of 

abnormal white blood cells in the bone marrow and 

peripheral blood. In the broader classification system, 

it is classified according to the course of the disease 

and the type of blood cell affected, namely: acute or 
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chronic and lymphoid or myeloid; therefore, four main 

types exist: 

i. Acute Lymphoblastic Leukemia (ALL) 

This is a very aggressive cancer arising from immature 

lymphoid cells. This is the most common leukemias in 

childhood but also occurs in adults, especially those 

above 65. Left untreated, ALL can rapidly progress to 

more advanced stages with systemic dissemination. 

 

ii. Acute Myeloid Leukemia (AML) 

This leukemia usually arises from the myeloid 

precursor cells and is more common with increasing 

age. It leads to the accumulation of immature white 

blood cells, causing a hindrance to the production of 

normal cells in the blood. AML is aggressive and 

rapidly progressing, and hence it requires emergency 

intervention. 

 

iii. Chronic Lymphocytic Leukemia (CLL) 

CLL is a slow-growing malignancy mainly affecting 

older persons. It entails the accumulation of 

lymphocytes that are unable to function, thus 

impairing immune responses. CLL generally 

progresses slowly and does not require treatment in 

most instances at the time of diagnosis. 

 

iv. Chronic Myeloid Leukemia (CML) 

This leukemia gets its name due to its origin from 

myeloid cells and by the presence of the Philadelphia 

chromosome. Mainly adults are affected by this 

variety, and it tends to progress through several stages, 

from a chronic phase to accelerated or blast crisis 

phases if left untreated. 

 

1.2 Global Statistics 

• Incidence: In 2024, about 62,770 new leukemia 

cases are expected to be diagnosed in the United 

States. On a global scale, the incidence rate would 

be about 5.4 per 100,000 individuals. 

• Mortality: Leukemia is expected to claim another 

57,260 lives within the United States in 2024. The 

global mortality rate would be about 3.3 per 

100,000 individuals. 

• Prevalence: About 456,481 people are estimated 

to be living with or in remission from leukemia in 

the United States. 

These statistics give an insight into the devastation 

caused by leukemia worldwide, hence stressing the 

need for further research toward better methods of 

diagnosis and treatment. 

2. LITERATURE REVIEW 

 

Recent research advances in the medical image 

analysis have stressed the need to segment white blood 

cells accurately for diagnosing hematological 

disorders like leukemia. Since then, various methods 

have been proposed in the literature, starting from 

simple image processing techniques to sophisticated 

deep learning-based architectures, mostly inspired by 

U-Net and its derivatives. 

Lu et al. (2021) proposed WBC-Net: a white blood cell 

segmentation network based on UNet++ and ResNet 

architectures. Their model incorporates a context-

aware encoder consisting of residual blocks for multi-

scale feature extraction and mixed skip pathways to 

alleviate the semantic gap between the encoder and the 

decoder. As for the training, they proposed the use of 

a composite loss function combining Binary Cross-

Entropy and the Tversky Index to handle class 

imbalance and improve segmentation accuracy. Their 

method achieved a segmentation accuracy of 95.4%, 

with superior performance in Dice coefficient and IoU 

compared to baseline models. 

Heriawati et al. (2021) developed a hybrid image 

processing system using thresholding and watershed 

segmentation, followed by K-Nearest Neighbor 

(KNN) classification based on geometrical and 

statistical features. Their approach achieved an 80% 

classification accuracy for acute lymphoblastic 

leukemia (ALL) subtypes, highlighting its clinical 

relevance 

Joshi et al. (2024) conducted an extensive comparative 

analysis of U-Net and its variants such as U-Net-

VGG16, U-Net-VGG19, and U-Net-ResNet, as well 

as a deep UNet++ model. They evaluated performance 

using Dice, IoU, precision, and recall metrics. 

Interestingly, while transfer learning improved Dice 

and IoU scores (UNet++ with VGG16 backbone 

reaching a Dice score of 93.8%), the baseline U-Net 

provided more accurate boundary segmentation. 

Furthermore, their investigation into loss functions 

revealed that a combination of Dice and Focal loss 

offered superior performance over traditional binary 

cross-entropy. 

In addition to deep learning approaches, classical 

methods have also been explored. Abrol et al. (2023) 

introduced a modified watershed segmentation 
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algorithm that integrates local maxima detection and 

color space transformations (HSV, YCbCr, HLS) for 

enhanced leukocyte segmentation. Their study 

demonstrated high segmentation accuracy across 

various imaging conditions, emphasizing the 

importance of color preprocessing and has achieved an 

average segmentation accuracy of 91.6%, illustrating 

that traditional image processing techniques remain 

relevant when combined with proper preprocessing. 

Jeffine et al. (2024) proposed a CNN-based 

framework for segmentation, classification, and 

quantification of leukemia cells in bone marrow 

images. Their system not only segmented malignant 

cells but also quantified their presence, using 

evaluation metrics such as accuracy, precision, recall, 

specificity, and F1-score. The reported classification 

accuracy was 94.1%, with precision, recall, and F1-

score consistently above 93%, showcasing its 

effectiveness as an end-to-end diagnostic tool. 

More and Sugandhi (2023) explored multi-class SVM-

based classification of leukemia using morphological 

and statistical features extracted from WBC images. 

Their model incorporated pre-processing, 

segmentation, and feature extraction to classify 

leukocytes and demonstrated promising results for 

acute lymphoblastic leukemia detection. The 

classification system achieved an accuracy of 90.2% 

in detecting acute lymphoblastic leukemia (ALL), 

emphasizing the continued relevance of SVM in 

clinical image analysis when paired with quality 

features. 

Recently, deep learning has been used in medical 

analysis to address the drawbacks of manual and U-

Net-based methods for leukemia cell segmentation. 

Although the encoding-decoding structure of U-Net 

would be perfect in theory, it somehow fails at 

accurate feature propagation and focusing on very 

complex cell structures. The solution was required that 

would use Residual Blocks that ensure a better 

gradient flow and deeper feature extraction and Spatial 

Attention Modules that annotate only the important 

region of the image while suppressing the background 

noise. The hybrid systems, thus, improved 

segmentation accuracies to correctly identify 

malignant cells from normal cells. In this work, a 

Modified Hybrid UNet architecture is proposed that 

integrates residual learning and spatial attention in 

order to improve the automation efficiency in medical 

image analysis and thus provide a strong viable 

solution for leukemia cell segmentation. 

These studies collectively emphasize the evolving 

trend toward deep learning-based segmentation 

techniques—especially those built on UNet++—as 

they offer improved performance, multi-scale feature 

extraction, and better semantic understanding. Our 

proposed work builds upon these foundations by 

leveraging the architectural advantages of UNet++ and 

evaluating it using both traditional and composite loss 

functions for robust WBC segmentation in leukemia 

diagnostics. 

 

3. METHODOLOGY 

 

To facilitate the diagnosis of leukemia, this study 

offers an automated pipeline for the precise location of 

white blood cells (WBCs) in peripheral blood smear 

images; the model is based on the UNet++ architecture 

(Figure 2). The method, composed of several critical 

components, includes dataset preparation, image pre-

processing, model architecture, training configuration, 

evaluation, and post-processing. These stages are 

devised to optimally serve segmentation ability so that 

the models perform well even under challenging 

microscopic imaging conditions. 

 

 
  

Figure 2.1: UNet++ architecture 

 

3.1 Dataset Collection 

Acute Lymphoblastic Leukemia Image Database 

(ALL-IDB) is a public domain database intended 

mainly for the evaluation of image processing 

techniques applied to leukemia diagnosis. The dataset 

has cultivated reputation now as a standard database 

for white blood cell detection and classification in any 

research carried out in biomedical imaging. 
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Data Characteristics: 

• Number of images: 108 high-resolution RGB 

images in ALL-IDB1 

• Image format: JPEG 

• Resolution: 2592 × 1944 pixels 

• Annotations: Coordinates of leukemic cells’ 

centers (not masks) 

• Color space: RGB 

• We manually or semi-automatically generated 

binary masks to train our UNet++ segmentation 

model, due to the lack of pixel-wise ground truth 

masks in the original dataset. 

 

3.2 Preprocessing 

Preprocessing steps were done for the better 

distinction between WBCs and background 

noises/noise: 

• Color Space Conversion: Converting input RGB 

images to HSV and LAB color spaces offers 

better chromatic separation, thus allowing for 

better shaping of WBCs against red cells and 

shadow artifacts. 

• Noise Removal: Median filtering removes salt-

and-pepper noise while sufficiently maintaining 

essential edges that the segmentation procedure 

must rely on. 

• Contrast Enhancement: Algorithms such as 

CLAHE and histogram equalization are 

implemented to increase the contrast, making it 

easier to highlight the boundaries of the cells. 

• Normalization: It is performed by manipulating 

the values of pixels into a range between 0 and 1, 

which shall provide faster convergence while 

training and keep consistency across batches of 

images. 

• Data Augmentation: The increases in robustness 

of the model and reduction of overfitting for a 

small data set are being ensured by these 

techniques applied during training: flipping 

(horizontal and vertical), random rotation, 

scaling, and brightness changes. This can simulate 

real-world variations in microscopy images and 

can greatly enhance a model's ability to 

generalize. 

 

3.3 Model Architecture 

The backbone of the proposed segmentation 

framework is the UNet++ architecture, enhanced with 

residual connections to improve gradient flow and 

training efficiency. 

• Encoder: The encoder extracts hierarchical 

features using ResNet-inspired residual blocks, 

which capture fine-grained spatial features and 

high-level semantic information from the input 

image. 

• Nested Skip Connections: A distinctive feature of 

UNet++, these connections reduce the semantic 

gap between encoder and decoder features. 

Multiple nested pathways help the decoder 

reconstruct high-resolution segmentation maps by 

reusing features from earlier layers. 

• Decoder: The decoder path consists of 

upsampling operations (via transposed 

convolutions or bilinear interpolation) followed 

by convolutional layers to refine the segmentation 

map progressively. These layers help reconstruct 

the object boundaries with high fidelity. 

• Deep Supervision: To ensure robust feature 

learning at multiple depths, intermediate outputs 

from various decoder layers are subjected to 

independent supervision. This technique 

improves gradient propagation and accelerates 

convergence. 

The overall structure allows for better generalization 

on noisy and variable medical images, making it 

particularly suited for WBC segmentation. 

 

3.4 Loss FunctionsTo handle class imbalance and 

achieve precise boundary delineation, a combination 

of loss functions is utilized: 

• Binary Cross Entropy (BCE): Serves as the base 

loss function for pixel-wise binary classification. 

• Tversky Loss: Incorporates tunable parameters to 

control the penalty for false positives and false 

negatives, making it ideal for imbalanced medical 

datasets. 

• Dice Loss: Emphasizes overlap between 

predicted and ground truth masks, making it 

sensitive to small object regions like leukocytes. 

• Focal Loss (optional): Used in ablation studies to 

assess its ability to focus on hard-to-segment 

pixels by down-weighting well-classified 

examples. 

This ensemble of loss functions allows the model to 

handle the skewed nature of the dataset and preserve 

fine-grained details during segmentation. 
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3.5. Training Configuration 

The model is trained with the configuration consisting 

of: 

• Optimizer: The model is optimized using Adam 

with an initial learning rate of 1e-4. 

• Batch Size: 8-16 values based on GPU 

availability 

• Epochs: 50-100 epochs with early stopping 

applied to prevent overfitting 

• Learning Rate Scheduler: ReduceLROnPlateau 

reduces the learning rate automatically whenever 

the validation performance stagnates 

• Cross-Validation: 5-fold cross-validation to 

estimate the model's generalizability to avoid 

dataset-specific bias 

• Checkpointing and early stopping mechanisms 

are implemented to save only the best model and 

avoid unnecessary extended training. 

 

3.6. Evaluation Metrics 

The performance of a segmentation is quantitatively 

evaluated applying: 

• Intersection over Union (IoU): Calculates the 

accuracy of the predicted segmentation regions 

IoU = TP / (TP + FP + FN) 

• Precision: Predicted positives divided by true 

positives 

Precision = TP / (TP + FP) 

• Recall: Actual positives are correctly identified as 

a proportion 

Recall = TP / (TP + FN) 

• F1-score: The harmonic means between precision 

and recall, which is an overall accuracy measure 

F1-Score = 2 × (Precision × Recall) / (Precision + 

Recall) 

Also, the confusion matrix and ROC curve represent 

estimation confidence in misclassification and correct 

classification between samples. 

 

3.7. Post-processing 

The post-processing operations are applied for 

smoothing the segmentation output: 

• Morphological operations such as dilation, 

erosion, and closing are applied to remove small 

artifacts and fill small gaps between segmented 

WBCs 

• Connected components analysis is used to 

separate and count individual leukocyte regions 

with noise removed based on size thresholding 

• Watershed segmentation is optionally used for 

marking overlapping leukocytes within one 

connected region. 

 

3.8. Implementation Tools and Environment 

• The project is run on Python 3.8, using PyTorch 

deep learning frameworks at different stages. 

• OpenCV and NumPy are used for data 

preprocessing. scikit-image and seaborn are not 

used in the current implementation. 

• Training is conducted on local workstations 

equipped with NVIDIA GPUs and CUDA 

capabilities; the code is also compatible with VS 

Code and Pycharm. 

• Analysis and visualization are performed using 

Matplotlib. 

 

3.9. Experimental Design 

Experiments are conducted to compare and contrast 

the performance of the proposed UNet++ based model 

with baseline models including vanilla UNet, UNet-

VGG16, and SegNet. Models are trained on 

independent splits of the same data and tested using 

the same metrics. Statistical significance testing via 

paired t-tests is performed to identify whether gains 

are statistically significant or not. Ablation 

experiments are done to investigate the impact of deep 

supervision, residual blocks, and loss function 

variations. 

This entire process enables robust and standalone 

leukemic cell separation of blood smear images, 

robust computer assistance for leukemia diagnosis and 

hematological examination. 

 

4. RESULTS 

 

In order to assess the effectiveness of the proposed U-

Net++ model for the segmentation of leukemia cells, 

various quantitative metrics were utilized, such as 

accuracy, precision, recall, F1-score, Intersection over 

Union (IoU), and loss. The model underwent training 

and validation using a carefully selected dataset of 

microscopic images along with their respective 

segmentation masks. The evaluation metrics were 

calculated on the validation set following the 
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completion of the final epoch. 

 

4.1. Quantitative Results 

The model is proven to be one that can segment 

leukemia cells efficiently from the background on high 

recall (sensitivity) and precision, thus achieving a very 

high F1-score. Furthermore, the high value of IoU 

serves to illustrate the skills of the model in locating 

the areas of interest in the images. 

 

Table 1. Compare the performance of proposed 

model with existing methods 

 
 

4.2 Training and Validation Curves 

The training process of the model was monitored via 

the plotting of loss and accuracy curves for both the 

training and validation sets over all epochs.  As is 

evident from the graphs in Figure 4.1, losses dropped 

and accuracies shot up simultaneously; also, the two 

validation performances almost tracked the training 

performances. This suggests that the model did not 

really overfit and therefore generalized well on unseen 

samples. 

 

 
Figure 4.1: Training and Validation Curves 

 

4.3. Image Segmentation 

To qualitatively assess the performance of our U-

Net++ based segmentation framework, we present 

representative examples. The original microscopy 

images (Figure 4.3.1), their corresponding ground 

truth masks (Figure 4.3.2) and the predicted masks 

(Figure 4.3.3) produced by our model are shown 

below. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 

Figure 4.3.1 Original Images 

 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 4.3.2 True Masks 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 4.3.3 Predicted Masks 

 

5. DISCUSSIONS 

 

The comprehensive methodology proposed in this 

study positions the UNet++-based pipeline as a highly 

capable approach for automated segmentation of white 

blood cells (WBCs) in peripheral blood smear images. 

Each component—from preprocessing and model 

architecture to training configuration and evaluation 

metrics—has been carefully designed to overcome the 

inherent challenges of medical image segmentation, 

such as class imbalance, variable staining, overlapping 

cells, and noise. 

The robust preprocessing pipeline—consisting of 

color space transformation, noise reduction, contrast 

enhancement, and normalization—plays a crucial role 

in enhancing input image quality. These operations are 

expected to significantly improve the model’s ability 

to focus on relevant leukocyte features while 

minimizing the impact of background artifacts and 

imaging inconsistencies. 

Architecturally, the adoption of UNet++ with residual 

connections and nested skip pathways provides a 

distinct advantage over traditional segmentation 

models. These enhancements are tailored to preserve 

fine-grained spatial details and improve feature fusion 

across different scales, both of which are essential for 

the accurate segmentation of small, irregularly shaped 

WBCs. Deep supervision further strengthens learning 

by guiding intermediate layers, ensuring multi-scale 

refinement of features. 

The loss function strategy—combining Binary Cross 

Entropy, Tversky Loss, Dice Loss, and optionally 

Focal Loss—demonstrates a well-rounded approach to 

managing pixel-wise misclassifications and enhancing 

boundary accuracy, especially in the presence of 

imbalanced data and small cell regions. 

The model is designed to generalize well due to data 

augmentation techniques that simulate real-world 

variations in microscopy images. Furthermore, 5-fold 

cross-validation and learning rate scheduling are 

incorporated to boost reliability and prevent 

overfitting. These training strategies contribute to 

stable convergence and are expected to yield 

consistent results across different datasets. 

Anticipated comparisons with baseline models (e.g., 

UNet, UNet-VGG16, and SegNet) and planned 

ablation studies will provide empirical insights into the 

benefits of each design element. Statistical tests will 

help determine whether observed performance 

improvements are statistically significant, offering a 

strong validation for the proposed design choices. 

In conclusion, the proposed segmentation 

framework—built on UNet++—is well-positioned to 

provide high accuracy, robustness, and clinical 

relevance in hematological image analysis. Its design 

not only supports effective WBC segmentation but 

also lays the groundwork for future integration into 

diagnostic workflows for leukemia and other blood 

disorders. 

 

6. CONCLUSION 

 

In this paper, we propose a state-of-the-art automation 

technique to perform the morphological analysis of 

white blood cells in peripheral blood smear images 

based on the UNet++. By a set of theory-driven steps, 

including data set preparation and preprocessing, 

training and post-processing, the proposed method 

shows the effectiveness in both quantitative and 

qualitative analyses. 

The model performs remarkably well based on the 

Dice coefficient, IoU, and accuracy and is more 

efficient than conventional frameworks such as UNet 

and SegNet. Visual results also demonstrate its 

adaptability to different imaging scenarios for 

extraction of leukocytes from a blood smear. 

Contributions of this study include: 
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• Nested skip connections and deep supervision: 

Improving transferability, generalization, and 

segmentation quality. 

• Strong training and augmentation protocols for 

generalization. 

• A pragmatic approach with relevance to real life 

in medical diagnosis. 

• This work demonstrates the prospect of deep 

learning-based techniques for hematology image 

analysis and paves the way for clinical application 

and leukemia diagnosis by facilitating automated 

and accurate WBC segmentation.  
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