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Abstract: Acute lymphoblastic leukemia is a kind of blood cancer that attacks the lymphoblast, a subgroup of white
blood cells. Leukemia is a potentially lethal hematological cancer that requires prompt diagnosis. A skilled manual
blood smear examination is one of the laborious and prone to human error conventional diagnostic methods.
Although current automated methods developed by researchers use either single-cell or multi-cell pictures to detect
leukemia cells, they frequently lack model generalization that perform better on heterogeneous datasets. They are
also insufficient for deployment in real time. This study aims to develop generalized real-time system for detecting
ALL cells from single and multi-cell microscopic blood smear images. The system utilizes three YOLO based state-
of-the-art models: YOLO11, YOLOvV8 and YOLOvV5. The core novelty of this study lies in the creation of a unified
dataset that integrates both single-cell and multi-cell microscopic blood smear images, this enables the model to
learn generalized representations from diverse image contexts. Three datasets are merged to create the unified
dataset, ALL-IDB1: multi- cell images, ALL-IDB2 & C-NMC-19: single-cell images. Image annotation and
preprocessing are performed using Roboflow platform, while Google Colab is used for training and testing. These
models are trained separately on individual datasets and the unified dataset.The performance of generalized YOLO
models is assessed and contrasted against dataset-specific models using mMAP@50 and recall metrics on the same
set of unseen images from all three datasets.The experimental results indicate that generalized YOLOv8 model
achieved notably high recall and competitive map@50, demonstrating strong adaptability and accuracy. These
results highlight YOLOvV8 as a promising solution for developing generalized model for leukemia cell detection.

Keywords: ALL IDB1, ALL IDB2, CNMC, Leukemia, Object detection, mMAP@50, Medical image analysis, White
blood cells, Real-time, Transfer learning, YOLO11s, YOLOv8, YOLOV5

1. Introduction

The rapid generation of aberrant white blood
cells, or lymphocytes, causes leukemia, a type of cancer
that can be seen in bone marrow and blood. These
aberrant white blood cells hinder the production of red
blood cells and platelets by the bone marrow and are
unable to combat infection. Leukemia can be either
acute or chronic, depending on the severity of the illness
[1]. For better patient outcomes and prompt treatment,
acute lymphoblastic leukemia (ALL), a potentially fatal
hematological condition, has to be diagnosed early and
accurately. The most frequent cancer to occur in children
aged 0-14 is ALL, and estimations indicate that the
number of cancer cases will increase by 12.8% in 2025
compared to 2020 [2].

It takes a lot of effort and time for skilled
haematologists to manually examine blood smears
under a microscope. Doctors' treatment decisions and

the identification of medical diseases are directly
impacted by how accurately this manual process is
completed. White blood cell localization and
classification are still difficult tasks, albeit [3]. Deep
learning-based object detection models have drawn
interest for medical imaging automation in order to get
beyond these restrictions [4].

Object detection can be single stage detector or
two stage detectors [5], here region will be proposed first
and then itis classified [6]. A one-stage detector employs
a direct learning framework to simultaneously classify
and localize objects within an image. Compared to one-
stage detector, two-stage detector offers faster
processing speed [7].

YOLO family of designs has completely
revolutionized object detection by introducing single
stage detection mechanism [8]. YOLO family has
undergone continuous improvement to enhance real-
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time detection while maintaining high accuracy. YOLOvV5
is recognized for its optimization and widespread
adoption in real-time detection task. In contrast to
anchor-based methods, YOLOvV8 uses an anchor-free
split Ultralytics head, which improves accuracy and
streamlines the detection process. YOLO11, the latest
YOLO model from Ultralytics [9], introduces refined
architectural designs delivering faster processing speed
and preserving the ideal ratio of performance to
accuracy [10].

This study leverages three publicly available
blood smear image dataset-ALL-IDB1, ALL-IDB2 [11],
and C-NMC-19 [12]. We analysed these datasets for
ALL cell detection using three YOLO based variants
YOLOv5, YOLOv8 and YOLOv11.To check model
generalization capability we also trained all three models
on unified dataset: created by combining all three
dataset into one dataset. Our intention is to demonstrate
that the generalized model trained on unified dataset
performs competitively or better on individual dataset.

1.1 Objective

1) To annotate and organize single-cell and multi-cell
images from all three, ALL-IDB1, ALL-IDB2 and C-
NMC-19 datasets and make the annotated data
publicly  available  for research  purpose.
https://drive.google.com/drive/folders/1QgC_zY1NZX-
fPOlis-Ti3CIBnLTPe_6C?usp=sharing

2) To develop a generalized ALL cell detection model
capable of handling heterogeneous data by creating
unified dataset with an equal number of annotated
images from each of the three datasets. Train the
each YOLO model-YOLOv5s, YOLOv8s and
YOLOL11s, on both individual dataset and the unified
dataset.

3) To choose the best model in terms of generalization
and detection accuracy by comparing the
performance of generalized models to one another
and to dataset-specific models on the same set of
unknown datasets using common evaluation
measures like recall and mAP@50.

2. Literature Survey

Recent advances in deep Ilearning have
significantly transformed medical image analysis,
particularly in the detection and classification of diseases
such as Leukemia, lung cancer, breast cancer and
malaria. According to survey, the integration of deep
learning approaches with transfer learning and
customized CNN architectures has resulted in
substantial improvements in diagnostic precision.
Furthermore, hybrid approaches that combines CNNs
with traditional machine learning algorithms have been
effectively applied for automated detection of acute
lymphoblastic leukemia cells and white blood cells.

Transfer learning strategies, in particular, have
consistently achieved high accuracy. However, one of
the major challenges highlighted is the limited size of
available medical image dataset, which can restrict the
generalizability of the models [13].

Several studies have explored hybrid CNN
approaches to improve ALL detection. Lamberti et al [14]
proposed an explainable Al framework emphasizing
interpretability for clinical use. Pradeep Das et al. [15]
applied ResNet with OSL to enhance adaptability across
dataset. Al-Bashir et al. [16] used CNN-based models to
unified dataset-ALL-IDB2 and C-NMC-19 having single-
cell images. Mantri et al. [3] combined K-means
clustering with CNN for ALL multiclassification
demonstrating the benefit of integrating tradition ML with
deep learning. These methods lack cell localization and
not optimized for real-time deployment.

Region -based CNN models have also been
applied to blood cell analysis and ALL detection. Raina
et al. (2020) presented a study that used the Faster R-
CNN deep learning framework to detect blood cells. The
model was created to enhance conventional detection
methods by precisely identifying and categorizing blood
cells in microscopic pictures. Faster R-CNN efficiently
localized blood cells while preserving a high detection
speed by utilizing the RPN. The study's exceptional
precision and recall performance made it a viable
method for automated haematological analysis. The
approach will be enhanced in the future to better classify
aberrant blood cells and to optimize it for real-time
applications [17]. Using Mask R-CNN, Revanda et al.
investigate a uniqgue method for identifying and
categorizing lymphoblastic leukemia cells (ALL) in white
blood cell microscope pictures [18]. According to the
findings, Mask R-CNN was able to correctly segment
and categorize EVERY on the local dataset. The
proposed model archives 83.72 % accuracy and 85.17
% precision. These region-based approaches provide
precise detection and detailed cell-level analysis, though
they generally require higher computational resources
compared to single-stage detector.

YOLO architectures have emerged as
prominent models for real-time detection and
classification in medical image analysis. In order to
diagnosis leukemia, Khandekar et al. Concentrate on an
automated method that can identify and categorize blast
lymphocyte cells from microscopic pictures. The single
stage object detection model, YOLO4 (you only look
once) was trained and evaluated on publicly available
dataset, ALL-IDB1 and C-NMC-19 [19]. The use of
object detection algorithms is investigated by Chen et al.
Using a bounding box, a one-stage object recognition
technique has been presented for the detection of
leukemia cells in microscopic pictures.

Int. Res. J. Multidiscip. Technovation, 7(6) (2025) 27-40 | 28


https://drive.google.com/drive/folders/1QgC_zY1NZX-fP0lis-Ti3CIBnLTPe_6C?usp=sharing
https://drive.google.com/drive/folders/1QgC_zY1NZX-fP0lis-Ti3CIBnLTPe_6C?usp=sharing

Vol 7 Iss 6 Year 2025 Ratnamala Mantri (Paswan) & Rais Abdul Hamid Khan /2025

Tablel. Summary of existing approaches of ALL detection and classification

Author(s) | Method/Model Application Dataset Key result Limitation/Future Scope
Used
Raina et Faster R-CNN Blood cell BCCD MAP- 76.6% Lower mAP and not
al. (2020) | with PRN Detection & optimized for real-time
[17] classification detection,
Khandekar | YOLO4 ALL detection. C-NMC-19 mAP-98.7% Higher inference time
etal. recall -96% restricts real-time
(2021) [19] ALL-IDB1 mAP-96.06% | applicability , lack of
recall -92% generalization capability as
dataset-specific models and
high computational cost
(6000 epochs) risk of
overfitting
Lamberti Explainable Al | ALL detection C-NMC-19 Accuracy - Unified approach was
etal. ALL-IDB2 90.10% employed however its
(2022) [14] Accuracy - application restricted to
100% single-cell image datasets,
limiting its generalizability to
multicell or heterogeneous
dataset.
Pradeep ResNet with ALL detection ALL-IDB1 Accuracy- Dataset specific models.
Das et al. OSL ALL_IDB2 99.39% Lack of generalization and
(2022) [15] C-NMC-19 Accuracy - real-time capability.
98.21%
Accuracy -
91.56
Revenda Mask R-CNN ALL detection. Local dataset | Accuracy Lower accuracy, not
etal. of Blood 83.72% scalable for real-time, limited
(2022) [14] smear generalization
images
Chen et. YOLOvV5 ALL detection ALL-IDB1 mAP YOLOV5 outperformed
al. YOLOvV6 YOLOV5- YOLOvV6 and YOLOV?7.
(2022) [20] | YOLOvV7Y 90.15% Inference time of YOLOvV5-
YOLOV6- 12.3ms. Lack of
64.4% Generalization.
YOLOv7-
58.3%
Chou et al. | YOLOv5 and Esophageal Local dataset | YOLOvV5 Dataset specific models. The
(2024) [21] | YOLOV8 cancer detection | of outperformed | study did not report inference
esophageal YOLOvV8 time.
images
Kundu et YOLOvV8 Leukemia Blood smear | The research | Lack of generalization.
al. (2024) detection images demonstrates
[22] the feasibility
of YOLOv8
for real-time
diagnosis of
leukemia.
Al-Bashir CNN-based ALL detection ALL-IDB1 Accuracy- Unified approach was
etal. algorithms 94% employed. however its
(2024) [16] application restricted to
multi-cell image datasets,
limiting its generalizability to
single-cell or heterogeneous
dataset
Mantri et K-Means , ALL Detection ALL-IDB1 Accuracy High accuracy but risk of
al. CNN and and ALL- 100% overfitting. lacks real-time
(2025) [3] Multiclassification | IDB2 L1-100% and generalization capability.
L2-99%
L3-98%
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YOLOS is used for object detection on the ALL-
IDB1-multi cell dataset. 97.2% multiclassification
accuracy was attained [20].

Chou et al. (2024) evaluates the Spectrum-
Aided Visual Enhancer integrated with YOLO-based
deep learning frameworks YOLOv8 and YOLOvV5 for
esophageal cancer detection. The YOLO model, trained
on enhanced images, achieves high precision and recall,
outperforming conventional detection methods. The
combination of spectral enhancement and deep learning
significantly improves real-time cancer detection,
reducing false positives and negatives [21]. Kundu et al.
(2024) introduced a deep learning model using YOLOv8
to detect malignant patterns of microscopic stained
blood images. By taking advantage of improved object
detection properties of YOLOvVS8, the model recognizes
white blood cells (WBCs) and differentiates between
healthy and leukemic cells. Comprehensive evaluations
showed that our approach can achieve high accuracy
and robustness far exceeding conventional methods in
both speed and accuracy. The research demonstrates
the feasibility of YOLOv8 for real-time diagnosis of
leukemia that helps to recognize the disease at the
earliest stage and to make a clinical decision. In the
future one could focus on further optimization of a
subtype classification and to extend the data in order to
generalize our findings across different clinical situations
[22]. Tablel Summary of existing approaches for ALL
detection and classification, highlighting methods,
datasets, key results, and identified limitations.

The field of automated Acute lymphoblastic
leukemia cell detection has witnessed significant
progress due to the integration of deep learning and

DATASETS

ALL- ALL-
IDB1 1DB2

advanced object detection frameworks. However, a few
persistent challenges remain unaddressed, particularly
in building real-time, generalized, robust model using
unified microscopic image datasets. Many studies
primarily focus on training and evaluating models using
isolated datasets such as ALL-IDB or CNMC. While
these models always achieve high accuracy on a single
dataset, they exhibit limited capacity to generalize
across diverse datasets. Secondly, metrics such as
accuracy is used for model evaluation but do not
sufficiently consider the mAP score — a balanced
indicator that consider both localization and
classification accuracy. It has also been observed that
YOLOvV5 and YOLOvVS represent state-of-the-art models
in medical image analysis, demonstrating strong
potential for advancing leukemia detection task.

3. Proposed Methodology

To address the limitation of dataset specific
models, the proposed study introduces a YOLO -based
generalized framework shown in figure 1, for real time
detection of leukemia cell by leveraging a unified set of
microscopic image dataset. You Only Look Once
(YOLO), is single stage neural network-based
architecture.

YOLO is used for object localization, as well
predicts the class probabilities of the object. Since the
first model of YOLO i.e. YOLOv1 [23] has released in
2015, multiple additional variants of the same model
have been developed by different groups with distinct
goals, each building on and improving the previous one
[8-10].

Training and Evaluation

Preprocessing

3 YOLOv5s
¢ Image Resizing Cross-Dataset
¢ Annotation 3
o Augmentation _)[ Evaluation ]
o Unified Dataset YOLOvSs (Generalization Test)
Creation
YOLO11s [ Real-Time Detection of ]

ALL Cells (FP$>30)

Figure 1. Proposed generalized architecture for real-time detection of leukemia cells
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Figure 2. Representative images of healthy cells (a, ¢) and Acute Lymphoblastic leukemia (ALL) cells (b, d) from
ALL-IDB2 & C-NMC-19 dataset

Figure 3. Sample multi-cell peripheral blood smear image from ALL-IDB1 dataset

3.1 Dataset

We made use of the ALL-IDB1 & ALL-IDB2
databases, which are publicly accessible and contain
microscopic pictures of blood samples from both normal
and ALL patients [11]. Experts in oncology provide the
classification or location of ALL lymphoblasts for every
image in the dataset. The 108 photos that make up ALL-
IDB1 each contain several healthy and lymphoblast
cells, with experts marking the blasted cells. The 260
photos in ALL-IDB2 are a compilation of cropped normal
and blast cell areas of interest from the ALL-IDB1
dataset. The IEEE ISBI hosted the C-NMC 2019:
medical imaging competition [12] of the 118 participants
in the dataset, 69 were diagnosed with ALL and 49 with
Hem. Sample blood smear images of leukemia patients
and healthy people are shown in Figure 2. While photos
(c) and (d) are from the C-NMC-19 dataset, images (a)
and (b) are from the ALL-IDB2 dataset. A sample from
the ALL-IDB1 dataset, which includes 108 multi-cell
microscopic blood smear images, is presented in Figure
3.

Rt i

| P - .':: "- "
¥

3.2 Image Annotation, Augmentation, unified
dataset preparation

Image annotation is a critical step in building the
custom dataset for YOLO model training since it directly
affects the accuracy and performance of the object
recognition model. The model will be able to locate
objects in the image with precision if the annotation is
accurate. We use two classes to annotate microscopic
images from all datasets: class 0-ALL (leukemia cell)
and class 1-Hem (healthy cell). Each image in the YOLO
annotation format has to have a corresponding.txt file.
The annotation data-object class, height, width, and the
X and Y coordinates of the bounding box center are all
contained in this.txt file. Figure 4 displays an example of
an annotated image file. Domain experts then examined
and validated the annotated data to make sure that the
class labels and bounding box placement were correct
and consistent.

Since ALL-IDB1 and ALL-IDB2 datasets are a
small dataset consisting of 108 and 260 images
respectively, we augmented the images to make up.
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Figure 4. Example of YOLO Annotation format for microscopic blood smear image

We applied different augmentation techniques
like horizontal & vertical flipping then rotated clockwise,
counterclockwise by 90°. After data augmentation, the
final dataset consists of 257 images in ALL_IDB1 and
584 images in ALL-IDB2 dataset. In this work, Roboflow
is used for annotation and augmentation purposes.
Roboflow framework can be used for dataset
management like annotating, preprocessing, and
augmentation. To address the limitation of data-specific
models, this research consolidates multiple publicly
available microscopic image datasets namely,
ALL IDB1, ALL-IDB2, and C-NMC-19 into unified
dataset. The annotation format of all datasets was
standardized to YOLO format to ensure consistency. To
maintain the class balance across the unified dataset, an
equal no of images, approx. 200 per class were selected
from each dataset. Since ALL-IDB1 contains fewer
images, the uniform sampling helped create a balanced
dataset. A corresponding YAML configuration file was
generated to reflect unified data structure.

3.3 YOLO architecture

You Only Look Once (YOLO) suggests utilizing
an end-to-end neural network to forecast bounding
boxes and class probabilities simultaneously. It varies
from prior object detection methods, which used two
stage detector classifiers for detection. Since the initial
release of YOLO in 2015 [23], multiple additional
variants of the same model have been developed by
different groups with distinct goals, each building on and
improving the previous one. YOLO11s is the latest
release of YOLO series [8].

The architectural progression from YOLOV5 to
YOLO11, demonstrates the significant improvement in
feature extraction, refinement, and object detection. All
three models YOLOV5, YOLOVS, and YOLO11s share a
common high-level architecture composed of three core
components-Backbone, Neck and Head [9].

In YOLOvV5, the backbone utlizes a
CSPDarknet53for initial feature extraction. The Neck
incorporates a PANet-path aggregation network for
path-wise feature aggregation across scale. The Head-

detection layer responsible for bounding box regression
and classification using anchor-based predictions.

YOLOvVS introduces architectural advancements
to improve speed and accuracy. Its backbone is
lightweight and optimized version of CSPDarknet. The
Neck adopts FPN-feature pyramid network, improving
multiscale feature fusion. The Head is decoupled into
separate branches for classification and localization, the
model is made anchor free, enabling faster training
convergence and simple label assignment strategies.

YOLO11, shown in figure 5 introduces key
innovations tailored for enhanced spatial understanding
and computational efficiency. The backbone employs
convolution layer integrated with C3k2 block. For spatial
attention of feature, YOLO11s introduces C2SPA (cross
stage partial with spatial attention) block in addition to
existing SPPF-Spatial Pyramid Pooling-Fast block. Neck
block focuses on efficient and faster way to focus on
spatial feature using C3k2 block and distinguished
C2SPA.The last component Head is responsible for
anchor-based predictions, predicting bounding box and
class probabilities. Further CBS layer is added for
feature selection. This layer is responsible for passing
feature map to subsequent bounding box prediction and
classification layer [10].

3.4 Evaluation metrics

Mean average precision (mAP), which gauges
accuracy and localization (loU) for each category—in
our case, ALL (leukemia) and Hem (healthy)—is a metric
frequently applied to assess object detection models.
The performance of several models is compared using
mMAP as a parameter.

The intersection over union (loU), defined in Eq.
1 as the ratio of the intersection area of the predicted
bounding box and real bounding box to their union, is
used to define positive prediction using average
precision metrics at different thresholds, often between
0.5 and 0.95. The AP@50 statistic, which is commonly
used to evaluate the model's accuracy, is defined in Eq.
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2. N is the number of classes, and AP50 is the average
accuracy value at loU=0.5 for each class [8, 9].

Area of Overlap

loU = . 1)
Area of Union
Object
Intersection
Detected Box
Figure 6. Intersection over Union
1
mAP@50 =~ 311, AP5, 2)

mAP uses bounding box loss to enhance the
localization and cross entropy loss to improve
classification accuracy.

Recall is the metric which is influenced by the
Objectness loss and localization loss (loU). Objectness

loss tells the model whether an object is present in a
bounding box or not and localization loss helps to
accurately localize the bounding box.

4. Experimental Results and Analysis

This study employs YOLO models-YOLO11s,
YOLOv8s, and YOLOv5s [24-26] (small variant) for
leukemia cell detection. These models were trained on
three datasets, ALL-IDB1, ALL-IDB2, and C-NMC-19 as
well as unified dataset combining all three. Dividing the
total dataset images into a training, validation, and
testing sets as summarized in Table 2.

The model is trained using Google Colab Pro,
which includes 12.7 GB of system RAM, 15.0 GB of GPU
RAM, and 235.7 GB of hard drive space. The model is
fine-tuned using 50 epochs, a batch size of 16 samples,
and an input size of 640 pixels. Figure 7-9 displays the
training and validation loss curves as well as the
precision and recall trends for the YOLOv5s, YOLOVSs,
and YOLO11s models trained on the Unified dataset.

Table 2. Dataset Split

Dataset Training set | Validation | Testing Total
ALL | HEM | ALL | HEM | ALL | HEM
ALL-IDB1 7 225 21 20 10 11 257
ALL-IDB2 240 | 257 24 4 0 19 584
C-NMC-19 199 | 200 20 0 0 20 479
Unified dataset | 519 | 701 66 5 9 56 1466
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Figure 7. YOLOV5s: Training and validation loss curves, precision, recall and mAP@50 Vs across epochs on
unified dataset
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Figure 8. YOLOvV8s: Training and validation loss curves, precision, recall and mAP@50 Vs across epochs on
unified dataset
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Figure 9. YOLOL11s: Training and validation loss curves, precision, recall and mAP@50 Vs across epochs on
unified dataset

Table 3. Performance comparison of YOLO11s, YOLOv8s and, YOLOv5s models on ALL-IDB2 dataset
using Recall and mAP@50

Class Recall mAP@50

YOLO11s YOLOv8s YOLOv5s YOLO11s YOLOv8s YOLOv5s
ALL 100 100 100 98.1 98.8 98.8
Hem 78.9 94.7 93.9 96.6 98.8 98.8
Total 89.5 97.4 97 97.3 98.8 98.8

Table 4. Performance comparison of YOLO11s, YOLOv8s and, YOLOv5s models on C-NMC-19 dataset using
Recall and mAP@50

class Recall mAP@50
YOLO11s YOLOvVS8s YOLOv5s YOLO11s YOLOvV8s YOLOvV5s
ALL 100 80 75 90.7 93.6 89.2
Hem 76.6 100 100 95.9 96.5 92.1
total 88.3 90 875 93.3 95 90.6
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Table 5. Performance comparison of YOLO11s, YOLOvV8s and, YOLOv5s models on ALL-IDB1 dataset
using Recall and mAP@50

Class Recall mAP@50

YOLO1ls YOLOV8S YOLOv5s YOLO1ls YOLOvVS8s YOLOvV5s
ALL 100 89.7 100 97.4 95.3 93.5
Hem 66.7 72.2 72.2 71.3 74.2 69.4
total 83.3 81 86.1 84.3 84.8 81.4

Table 6. Performance comparison of YOLO11s, YOLOv8s and, YOLOv5s models Trained and tested on unified
dataset using Recall and mAP@50

Class Recall mMAP@50

YOLO11s YOLOvV8s YOLOv5s YOLO11s YOLOv8s YOLOv5s
ALL 93.8 91.3 79.9 95.2 95.9 94.6
Hem 79.2 80.2 77.4 71.5 76.7 68.8
total 86.5 85.7 78.6 83.3 86.3 81.6

Table 7. Evaluation and comparison of generalized YOLO models versus dataset specific YOLO models on
individual datasets using mAP@50

Dataset/ Model | YOLO11s YOLOvV8s YOLOvV5 YOLO11ls | YOLOv8s | YOLOvbs
(Generalized) Unified Unified

ALL-IDB1 77.4 86.9 76.2 84.3 84.8 81.4

ALL-IDB2 97.8 98.1 97.6 97.3 98.8 98.8

CNMC_2019 90.3 91.1 88.6 93.3 95 90.6

Table 8. Evaluation and comparison of generalized YOLO models versus dataset specific YOLO models on
individual datasets using Recall

Dataset/ Model YOLO11s YOLOv8s YOLOvV5 YOLO11s YOLOvV8s YOLOV5s
Unified Unified_ Unified_

ALL-IDB1 90.9 93.1 76.2 83.3 84.8 81.4

ALL-IDB2 96.2 97.2 91.9 89.5 97.4 97

CNMC_2019 88.8 94.3 90.6 88.3 90 87.5

The comparative performance of YOLOv5s,
YOLOv8s and YOLO1lls was analysed across ALL-
IDB1, ALL-IDB2, C-NMC-19 and the unified dataset
using recall and mAP@50(Table 3-6). These metrics
were chosen because mMAP@50 is widely accepted for
evaluating object detection models, providing good
trade-off between localization and classification
accuracy, especially in small-object detection scenarios
like leukemia cell detection.

YOLOVvV8s consistently achieves the highest or
near-highest score across datasets, particularly
excelling on ALL-IDB2 with an overall recall of 97.4%
and mMAP@50 of 98.8%. on C-NMC-19, it attains the
highest mMAP@50 (95%) and perfect recall for the Hem
class, demonstrating robustness in detecting minority
classes. Similarly, on the unified dataset, YOLOv8s
records an mAP@50 of 86.3%, outperforming YOLOvV5s
and YOLO11s, confirming its superior generalization
ability.

The improved performance of YOLOV8s can be
attributed several architectural enhancement: anchor-
free detection head, decoupled detection head, dynamic

label assignments and advanced data augmentation
which reduce overfitting and enhanced robustness on
heterogeneous data. However, its relative performance
dips on multi-cell images i.e. ALL_IDB1, because
densely packed and overlapping cells pose challenges
for anchor-free center prediction [8, 9].

On the contrary, YOLO11ls introduces more
powerful components like C2f and C2SPA blocks to
promote spatial attentions, which is beneficial to feature
representation for complex structures. Yet its recall on
the Hem class is consistently lower than YOLOv5s and
YOLOvV8s across datasets (e.g., 78.9% on ALL-IDB2
and 66.7% on ALL-IDB1). This is probably due to the
sensitivity of the technique to the class imbalance and
the increased architecture complexity that can drive the
detection towards the predominant classes (i.e., ALL) [9,
10].
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Table 9. Inference speed and Real time performance of YOLO models, trained on Unified dataset

Model Preprocess(ms) | Inference(ms) | Postprocess(ms) | Frames Per Second (FPS)
YOLOv5s | 1.0 4.7 9.5 212.77
YOLOv8s | 0.5 5.8 7.2 172.41
YOLO11s | 0.3 6.3 6.2 158.73

Confusion Matrix - ALL-IDB1

70

60

50

- 40

True Label

- 30

29
-20

Predicted Label

Confusion Matrix - ALL-IDB2

True Label

Predicted Label

Confusion Matrix - CNMC

True Label

18

16

14

12

-10

Predicted Label

Figure 10 a). Confusion matrix: Evaluation of YOLOvV8s unified model on ALL-IDB1 dataset, b) ALL-IDB2 dataset,
c) C-NMC-19 dataset

YOLOvV5, being anchor based with an older
CSPDatrknet backbone, shows competitive
performance on single-cell datasets but lacks the
adaptability and architectural enhancements of
YOLOv8s and YOLO11s, leading reduced
generalization in diverse or unified dataset [8, 9].

The goal of generalized model is to achieve
robust performance not only on training dataset, but also
on unseen or heterogeneous datasets. Generalization
was specifically evaluated by training YOLO models
(YOLOV5s, YOLOvVSs, and YOLO11s) on unified dataset

and testing them on individual datasets. We evaluated
the generalized YOLO models against dataset specific
models by testing them on the same set of unseen
images from all three datasets and compared their
performances as presented in Table 7 and 8.

On ALL-IDB1 dataset, the generalized YOLOvV8
(86.9% mMAP@50) outperforms compared to all other
models. On ALL-IDB2, generalized YOLOV8 (98.1%
MAP@50) is very close to dataset-specific YOLOvV8
(98.8% mAP@50).
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On C-NMC_19 generalized YOLOvV8 (91.1%
MAP@50) perform slightly lower than dataset-specific
YOLOvV8 (95% mAP@50), but still better than
generalized YOLOv11 and YOLOv5 models.

While generalized YOLOv8 model achieves
strong performance across unseen dataset, slight
performance drops compared to dataset-specific
YOLOvV8 model occur for C_NMC-19, primarily due to
domain shift. Nevertheless, generalized YOLOv8
outperforms all other generalized models and achieves
competitive results on all datasets, confirming its
adaptability for cross-domain generalization while
maintaining high accuracy.

In addition to accuracy and precision, inference
speed is crucial factor when evaluating models for real-
time deployment. As shown in table 9, YOLOv8
achieved an average inference time of 5.8ms per image,
resulting in a throughput of approximately 172.41 FPS.

This value significantly exceeds the standard
real-time benchmark of 30 FPS [8], demonstrating
YOLOVS is well suited for real-time application.

Figure 10a, b, c illustrates the confusion metrics
of YOLOv8s Unified model evaluated across three
distinct datasets providing a clear view of classification
performance. Result of validation batch of YOLOv8s
unified model on ALL-IDB1 actual labels and predicted
labels is shown in figure 11a and b.
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Figure 11 a. Validation batch of YOLOvV8s unified model on ALL-IDB1: Actual labels, b) Predicted labels
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Table 10. Performance comparison of the proposed generalized model- YOLOV8 with existing approaches for

ALL detection

(2022) [20]

Dataset Author Accuracy Generalization Capability.
C-NMC-19 | Lamberti et al. (2022) [14] Accuracy-90.10% Dataset-specific  models  with  limited
Pradeep Das et al. Accuracy-91.56% generalization, trained and evaluated on
(2022) [15] single-cell image dataset.
Mantri et al. (2024) [27] Accuracy-96.87%
Proposed model mAP-91.1% Generalized model.
Recall-94.3%
ALL_IDB2 | Lamberti et al. (2022) [14] | Accuracy-100% Models optimized for individual datasets.
Pradeep Das et al. (2022) | Accuracy-98.21 Lack of Generalization.
[15] High accuracy indicates risk of overfitting.
Proposed model mAP- 98.1%. Generalized model.
Recall-97.2%
ALL_IDB1 | Pradeep Das et al. (2022) Accuracy-98.21% Dataset-specific  models, trained and
[15] evaluated on multi-cell image dataset.
Chen et. al. mAP Lack of Generalization.

YOLOV5-90.15%
YOLOV6-64.4%
YOLOvV7-58.3%

Al-Bashir et al.
(2024) [16]

Accuracy-94%

Proposed model

mAP- 86.9%.
Recall-93.1%

Generalized model.

Table 10 provides the comparison between
proposed generalized model with existing approaches in
terms of accuracy and generalization capability.

5. Conclusion

This study used a uniform dataset compiled from
three diverse sources—ALL-IDB1, ALL-IDB2, and C-
NMC-19—to propose a generic framework based on
YOLO for the real-time detection of leukemia cells. The
objective was to evaluate whether a unified training
strategy can enhance model generalization across
diverse imaging conditions like single cell and multi-cell
datasets. We trained the each YOLO model-YOLOV5s,
YOLOvV8s and YOLO11s, on both individual dataset and
the unified dataset. Experimental results demonstrated
that the YOLOvV8s consistently outperformed other
variants in all cases. Comparing generalization
capability, YOLOvV8s achieves competitive performance
against dataset-specific models, with mAP@50 reaching
up to 98.1% on ALL_IDB2 and 94.3 % recall on C-NMC-
19. The superior mMAP@50 of generalized YOLOv8s
model on ALL-IDB1 (86.9%), confirms that
generalization through unified training can improve
accuracy reduce overfitting and strengthen the model.
For C-NMC-19 dataset, although slight dip is observed
compared to data-specific model primarily due to domain
shift, the performance remains strong. Furthermore, the
all three model achieved inference speeds exceeding 30
FPS, meeting real-time requirements of practical
applications. These findings suggests that YOLOv8

strikes the best balance between detection accuracy and
generalization across diverse datasets.

Since we have limited dataset of multi- cell
images i.e. ALL-IDB1, future work will focus on
expanding training with more diverse datasets,
increasing epochs for better generalization, fine tuning
YOLO11 for Hem class detection, and validating the
framework in clinical settings to guarantee dependability
and relevance in practical diagnosis.
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