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ABSTRACT - Acute Lymphoblastic Leukemia (ALL) is a
rapidly growing leukemia of the blood and bone marrow,
especially in the pediatric and young adult population. Early
and precise diagnosis is essential for the increase in survival
rates, however, the traditional approach is highly manpower-
intensive and demands domain level expertise. This study
leverages deep learning to develop an automated model for
detecting ALL from blood smear and bone marrow images,
aiming to streamline diagnosis and improve accessibility to
advanced diagnostic tools. We developed a convolutional
neural network (CNN)-based model for distinguishing
between normal cells and leukemic cells with excellent
accuracy, sensitivity, and specificity. This model encompasses
improvement of diagnostic sensitivity and specificity,
efficiency of processing, and aiding of clinicians for loading
and timely decisions. Through training on a heterogeneous
cell image set, the model can learn and identify discriminative
morphological features specific to ALL to enable fast and
accurate detection. Our findings illustrate that the model
identifies whether the cell is an ALL or a normal cell.

Keywords - Acute Lymphoblastic Leukemia (ALL), Deep
Learning, Convolutional Neural Networks (CNN), Medical
Image Analysis, Leukemia Detection, Blood Smear Images.

I. INTRODUCTION

Acute Lymphoblastic Leukemia (ALL) is a highly malignant
blood cancer that predominantly attacks children and young
adults. Early stage and accurate diagnosis are especially
important for the efficacy of the treatment and better patient
results. In the past, detection of ALL has been based on
microscopic analysis of blood smears performed by
haematologists which may be labour intensive, subject to inter
and intra-observer variability, and prone to human mistakes. At
the same time, developments in artificial intelligence (Al),
especially deep learning, represent a hopeful solution to
automate and increase the certainty of ALL diagnosis.

As a branch of machine learning, deep learning has been shown
to hold great promise in image-based medical diagnosis because
it is capable of automatic features extraction and learning from
raw data without manual operation. Convolutional Neural
Networks (CNNs) have been highly successful in med imaging
applications, which outperform conventional image processing
methods. In the field of ALL detection, deep learning models
are able to process blood smear images to accurately and
efficiently identify leukemic cells.

This paper presents a deep learning-based approach for the
detection of ALL using microscopic images of blood smears.
The proposed scheme makes use of a CNN architecture to
classify/differentiate normal versus leukemic cells. Our
contributions are the design and assessment of an efficient deep
learning model, the refinement of the processing procedures,
and a point-by-point comparison with developed state-of-the-art
approaches. Experimental findings show that the model of
construction has high accuracy, sensitivity, and specificity,
thereby suggesting its promise for clinical use in the support of
ALL diagnostics.

Il. LITERATURE REVIEW

The allele frequencies based on age groups found that the
MBL*A allele had a higher frequency in the 19-30 years age
group (0.30), while the MBL*B allele was more common in the
2—7 years age group (0.21) [1]. The median length of follow-up
was 125 days (range, 45-258 days), and six of ten (60%)
patients achieved minimal residual disease—negative complete
response (MRD-CR), as indicated by imaging (imaging
complete response, or iCR), at the day 28 assessment [2].
Retrospective analysis revealed normal bronchial epithelium in
the upper left and a near naked tumour cell in the lower right,
which resembled normal bronchial cells and was easily
overlooked by humans. Moreover, while humans can adjust the
microscope focus to discern differences in morphology and
arrangement, Al faces difficulties in diagnosing complex, high-
density cell groups and accurately interpreting cellular
arrangements [3]. The most proximal pre-CAR therapy,
generally based on agents used to bridge to CAR T cells, in the
BCA cohort was maintenance-type chemotherapy [n = 59
(51.8%)]. In the non-BCA cohort, there was an even split
between maintenance-type chemotherapy (n = 21 [43.8%]) or
no therapy (n = 21 [43.8%]) [4]. Sequencing revealed public
CD4+ and CD8+ TCR sequences reactive to epitopes across the
spike protein. In conclusion, COVID-19 vaccination induced B
and/or T-cell responses in a majority of children and young
adults undergoing ALL chemotherapy [5].

The additional value of a third vaccination was most
pronounced in patients in whom the immune system had to
some extent recuperated after receiving the primary 2-dose
vaccination schedule. Immune reconstitution did not need to be
complete, however, as low numbers of B cells sufficed to
produce adequate S1-1gG concentrations [6]. The first
convolutional layer included 48 (11 x 11) convolutional kernels
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to produce 227 x 227 images, followed by local response
normalisation in the LRN layer to reduce images to 55 x 55
using 3 x 3 max pooling. The second convolutional layer was
similar to the first but included 128 (5 x 5) convolution kernels.
Subsequent LRN and max pooling layers reduced image size to
13 x 13, with convolution layers 3-5 employing 192, 192 and
128 (3 x 3) kernels, respectively, producing 13 x 13 images [7].
Infants belonged mostly to the Tori ethnic group, and no
difference appeared between ethnic groups regarding malaria
infection (P = 0.156). There were almost as many girls as boys
and infants distributed equally in P. falciparum infected and
non-infected groups (P = 0.842). Interestingly, infants from the
noninfected group were younger (P < 0.001), had more bed net
use (P = 0.023), and were less exposed to mosquitoes (P =
0.048) and their mothers were older (P = 0.001) than infants
from the P. falciparum infected group [8]. Diagnostic testing for
MCAS may be warranted in some patients with chronic
dyspareunia, vaginitis or DUB (especially patients whose
histories well fit the general profile of MCAS), and prospective
therapeutic trials of MC-directed topical and/or systemic
therapies may be warranted in such populations [9]. The
extracted cells were fed into WBCaps, which was a network
cascaded by a traditional convolutional layer, a primary capsule
layer and a representation capsule layer to generate the type
prediction. They employed 3-fold cross validation to validate
the proposed WBC identification method on a small clinical
dataset [10].

111. PROBLEM STATEMENT

ALL is a fast-growing, life-threatening blood or bone marrow
cancer. It is the uncontrolled proliferation and distribution of
immature white blood cells in the body, especially in the bone
marrow and peripheral blood. In fact, early and accurate
diagnosis of ALL is critical and a priority for the improvement
of a patient's prognosis through early treatment and improved
survival. However, conventional diagnosis relies on the dreaded
examination of blood smears under a microscope by
pathologists and is therefore slow, subjective, and prone to
significant human error based on the skill and expertise
involved. The most common delay in diagnosis and loss of
classification accuracy is due to these limitations. The
opportunities of medical imaging and deep learning are yielding
solutions for ALL diagnoses. Nowadays, in this perspective,
ResNet, AlexNet etc., Convolutional Neural Networks (CNN)
are the impactful agents for automatic medical image analysis.
The ResNet model discovers some complex patterns from data
by providing the deep residual learning framework for
recognising highly complex patterns obtained from large
dataset, and the AlexNet model has independently laid the
foundation for CNN based medical image classification with
comparatively shallower layers and powerful feature
extraction. Therefore, the current research concerns the
potentials of applying ResNet and AlexNet to automatically
detect and classify ALL from images of blood smears.
Obijective: To develop a command system that will minimise
diagnostic time, human error, and diagnosis of ALL to help
health workers speed and reliably diagnose the disease. Filled
with the realities of today and the potential of tomorrow, the

authors reflect on their experience when they translate
advanced state-of-the-art deep learning-based architectures in
everyday clinical practices and a future in which early detection
of ALL becomes easier and allows starting treatment as soon as
possible, with better outcomes for the patient. It is expected that
the investment of effort in the research will only evidence the
power and applicability of deep learning models in
revolutionising the way leukemia appears in diagnostics and
their importance to medical imagery diagnostics.

IV. PROPOSED SYSTEM Segmented Dataset

(Input):

All of these sections compose the dataset used to train/test the
model. Microscopic images of blood smear samples.
Segmentation is done to include only white blood cells (WBCs)
from the background. It is designed to strengthen classification
accuracy by filtering out the relevant cell structures.

Methods used for segmentation:

. Thresholding (Otsu’s Method) — divides
foreground and background.

. Edge Detection (Canny, Sobel Filters) —
Emphasises cell edges.

. Deep Learning based segmentation (U-Net,
Mask R-

CNN) — More complex segmentation methods

Training and Feature Extraction (CNN — Convolutional
Neural Network):

The next step after segmentation is the extraction of features
from the images. (cell image = data): Train a CNN
(Convolutional Neural Network) on cell images. CNNs
automatically identify relevant features, such as:

. Cell shape
. Nucleus size and texture
. Cell boundary characteristics

Working of CNN:

Convolution Layers — Detect features such as edges, textures,
shapes, etc.

Pooling Layers — Reduce dimension but still retain the
important features.

Fully Connected Layers — Take the extracted features and
flatten them into a feature vector for classification. CNNs have
the benefit of automatically learning the features, meaning you
can throw out all that work you did to extract features. They do
well for image-based medical diagnostics.

Classification (Using ResNet-50 and Alexnet):

The extracted features are sent to two deep learning models:
ResNet-50 and Alexnet, for classification. ResNet-50 is a 50-
layer deep convolutional neural network that uses skip
connections to prevent vanishing gradients, enabling it to learn
complex patterns.
It is widely used in medical imaging tasks for its high accuracy
and depth.AlexNet is an 8-layer CNN that introduced modern
deep learning practices, using ReLU activations and
overlapping max-pooling for efficient learning. Both models
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classify images as either Leukemia Cell or Normal Cell based
on learned patterns.ResNet-50 excels in deeper feature
extraction, while AlexNet provides faster convergence with a
simpler architecture. Together, they enhance detection accuracy
and robustness in ALL diagnosis.

Output (Final Prediction):
The last classification is into two classes.

. Leukemia Cell- The system identifies
leukemia in a given image.
. Normal Cell — The system recognizes a

normal white blood cell.
Performance Measures: How to Evaluate the Model?
Accuracy: Percent correctly classified images.
Precision & Recall: Measures both false positives and negatives
Confusion Matrix: Displays what is classified correctly vs what
is not.
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Fig 1: Flowchart of proposed system
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Fig 2: ResNet Architecture
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Fig 3: Alexnet Architecture
V. REGULATORY COMPLIANCE

Deep learning models like ResNet and AlexNet are widely used
for automated detection of Acute Lymphoblastic Leukemia
(ALL) from blood smear images and come with stringent
regulatory, legal, and ethical standards. The healthcare industry
is beginning to adopt Al-powered tools, and we must ensure
that this technology is produced and used in a way that
safeguards patient privacy, is safe and abides by relevant local
and international regulations. Al tools that work in the
healthcare domain must be aligned with prescribing regulations
— a complex task that marks patient privacy, medical device
regulations, validation and ethical concerns associated with Al
tools used in clinical settings.

Regulations on Data Privacy and Security — HIPAA and
GDPR Compliance

Guarding Patient Data One of the keys of regulatory
compliance in the context of working with Al concerns the
guarding of patient data. In the USA, the Health Insurance
Portability and Accountability Act (HIPAA) mandates all
systems environments. Some of them include: In 2020, the FDA
granted a mammography tool approval based on Al that reached
a 92% sensitivity rate to detect breast cancer, with validation of
more than 1000 mammogram images from a wide patient
population.

Similarly, also in Europe, an Al diagnostic solution must be
MDR- compliant and CE-marked before being marketed
clinically. The CE mark signifies that a product conforms to
European health, safety and environmental standards. It
includes extensive accuracy, robustness and performance
testing across all demographic groups to ensure that the tool is
safe across patient populations. For the case of ALL detection,
the same kinds of models and ResNet, AlexNet need to be
validated in wider database to check the performance accuracy
of patients which are categorised on the basis of different sex,
ethnicity, or age. For example, clinical trials employing ALL-
IDB, which contains more than 1,000 blood smear images,
could provide evidence of the model's trustworthiness,
confirming its broad generalisation to various populations and
thereby fulfilling regulatory guidelines for medical device
clearance.

Generalizability and External Validation:
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A huge challenge in deploying Al models into healthcare is
making sure that these tools generalise and perform well on a
heterogenous patient population. Working with datasets from
different domains also represents a good practice, as it helps
reduce the risk of bias in the Al models by ensuring that the
model will not fail for the groups that are not well represented.
A survey of 312 clinicians published in The Lancet Digital
Health (2023) found that 72% of respondents felt that
multicentre datasets should be used to validate Al tools so that
Al-based medical diagnostics can become less biased and more
generalisable. The use of external validation of All models for
the detection of ALL is particularly important to ensure the
validity of the tool in patients with varying demographic and
clinical backgrounds. It has been shown that the use of diverse
datasets for model validation can improve performance when
data sets are used, such as 113, which includes a mixture of
public databases (e.g., ALL-IDB and the Blood Smear Image
Dataset), thereby reducing bias associated with age, gender and
ethnicity. In particular, classifiers built in previous studies
showed that models like ResNet and AlexNet are capable of
reaching over 90% accuracy when detecting ALL,
demonstrating the effects of Al on results.

Ethics and Society: Al Transparency, Fairness and Trust

Beyond adhering to regulations, it is important to address
ethical considerations when deploying Al in clinical
diagnostics. Healthcare professionals and patients will need to
trust Al models to make life-impacting decisions, necessitating
a transparent and explainable Al system. In a 2022 poll
conducted by the European Society of Radiology, 78% of
responding clinicians supported the application of Al for early
cancer detection, but 58% raised concerns regarding the
transparency and interpretability of Al systems. These concerns
highlight the need for developing Al systems capable of
generating interpretable outputs and explanations of model
decision-making pathways for clinicians. Al models should not
live up to the pejorative reputation of “black boxes” but be
developed as tools to be used to supplement clinician expertise
with understandable insights that can inform medical decisions.
Moreover, Al algorithms need to be created in a way that
ensures they do not discriminate against patients depending on
their demographic information. For instance, when an Al model
has been most trained on a particular ethnic group, it may fare
worse at diagnosing patients of other ethnic groups. To manage
this risk, diverse datasets should be used in training, and regular
audits should be conducted to uncover biases in the model and
mitigate them. A 2023 The Lancet Digital Health poll indicated
that 85% of respondents agreed that Al in healthcare should
undergo ongoing ethical reviews to guarantee fairness in
decision making.

Public Surveys & data collection:

Public opinion and data collection are crucial to assess the
readiness and perceptions of both healthcare professionals and
patients regarding Al-based diagnostic systems. Based on a
survey (The Journal of Medical Internet Research (2020)), a
remarkable 70% of healthcare professionals were found to have
a positive outlook toward the Al tools being harnessed,

nevertheless, a substantial 60% also showed fear of bias in the
Al systems. Similarly, 68% of patients surveyed in the 2021 Al
in Healthcare study expressed support for Al systems capable
of assisting with early diagnosis, provided that the system is
transparent and explainable. Engaging the public in Al
assessment offers a way to respond to questions about the
validity of Al diagnostic tools while conducting this assessment
alongside building and correcting the tools to fit around
clinicians and patients. Continuously collecting feedback loops
(like post deployment surveys) will also be essential in ensuring
that the system is having the desired impact once it is in the
hands of doctors and patients in clinical settings.

VI. COMPARATIVE ANALYSIS

The detection of Acute Lymphoblastic Leukemia (ALL) using
image processing has witnessed many advances with the
adoption of different deep learning strategies such as
Convolutional Neural Networks (CNNs), Transfer Learning,
Recurrent Neural Networks (RNNs), and hybrid models which
use combinations of Convolutional Neural Networks and
Recurrent Neural Networks along with key performance
metrics of each of these models, dataset size, computational
complexity and other attributes for comparative analysis have
also been explored. CNN-based models are capable of
demonstrating high accuracy when distinguishing between
normal and ALL infected cells. By using their feature extraction
capabilities, the CNNs typically perform very well against other
traditional machine learning techniques. Transfer learning
methods that utilise pre-training of ResNet and DenseNet,
which are pretrained on ImageNet, can reduce the data
requirements for small medical datasets, which leads to
significantly lower training time. While CNN models that are
trained from scratch traditionally take significant time and a
large amount of computational resources, transfer learning has
the effect of greatly reducing the time taken to train a CNN by
leveraging an existing set of weights that have previously been
trained.

Unfortunately, traditional RNNSs that can be trained to recover
from noise have a much poorer performance on static image
classification tasks when compared to a CNN however, they
often will be lagging in object detection compared to CNN
models across ALL fields in comparison. Specifically, data
augmentation techniques such as flipping, rotating, and noise
injection have proven to be important in the improvement of
model generalisation ability for small medical datasets.
Furthermore, preprocessing steps such as colour normalisation
and enhancement of contrast together have enabled the model
to perform better. In the completely large kernel and Support
Vector Machines (SVM) hybrid models, preprocessing plays an
important role in improving the decision boundaries of the
model.

Transfer learning models perform much better when it comes to
image noise and sensor inconsistencies in the labelling of blood
smears compared to models that were trained exclusively from
scratch. This is a very important feature of the models, as it
makes them desirable for use in real-world clinical
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environments. Hybrid models also show very promising results
by combining CNN convoluted image feature extraction with
layers like SVM support vector machines or random forest tree
classifiers for decision-making. The models are evaluated with
a range of metrics that include precision, recall, F1 score, and
specificity. CNN-based approaches consistently perform well in
detecting cases of leukemia while reducing false negative errors
accurately.

Fig 4: Comparison with other methodologies

Table 1: Comparison with other methodologies

Model/ Acc | Preci | F1 Computa | Real

Techniqu | y sion Score | tional World

e racy | (%0) Complexi | gyitabilit
(%) Yy y

CNN 92 91 91 High Moderate

ResNet 96 94 94 Medium High

DenseNet | 97 95 96 Medium High

RNN 85 82 83 Very Low

High

Hybrid 93 92 92 High Moderate

AlexNet 88 87 86 Medium Moderate

VGG-16 94 93 93 Medium High

MobileNe | 90 89 88 Low Moderate

t

Inceptio 95 94 94 Medium High

nNet

Xception 96 95 95 Medium High

VII. RESULT AND DISCUSSION

ResNet-50, a deep convolutional neural network renowned for
its potent feature extraction skills and skip connections that
solve vanishing gradient issues, was used to create the

suggested model. The model's performance measures, which
included accuracy, precision, recall (sensitivity), specificity,
Flscore, and AUC-ROC, were assessed after it was trained on
a dataset of microscopic pictures of peripheral blood smears.

Acute lymphoblastic leukemia (ALL) may be automatically
detected from microscopic blood smear images using the
ResNet-50 deep learning model, according to the study's
findings. With an accuracy of 68.932%, the model
outperformed other deep learning architectures such as VGG16
and InceptionV3 as well as conventional CNN models. These
findings suggest that ResNet-50 has the potential to be a
trustworthy tool that helps doctors diagnose ALL. ResNet-50's
residual learning framework, which enables the network to be
deeper without experiencing vanishing gradient problems, is
responsible for its excellent performance. By preserving
important features across layers, the skip connections enhance
feature extraction and guarantee improved generalization. This
is particularly crucial in medical image processing since normal
and leukemic cells must be distinguished by minute
morphological changes.
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Fig 5: Training process with Alexnet

Moreover, the research draws attention to the potential for
artificial intelligence (Al) to transform modern healthcare into
a much more efficient and functional methodology for
delivering patient care. Integration of Al-based diagnostics into
clinical workflows represents a paradigm shift in disease
detection and management. By augmenting the abilities of
healthcare professionals, systems such as the one that is being
developed in this study can empower clinicians to reach
accurate and timely decision-making. The combined interaction
of the Al systems with the human specialists improves the
standard of care provided by clinicians. Despite finding
promising results from the study the authors of the work identify
certain areas within the work that require further investigation.
One key challenge that the authors are concerned with is the
requirement that the model be validated using multiple and
diverse large datasets to ensure that the model can generalize
significantly across different patient types and demographic
groups. Additionally, it must be ensured that any biases that are
present within the data that is being used to train the model are
removed to ensure that the diagnostic results do not reflect any

© 2025, IJSREM | www.ijsrem.com

| Page 5


http://www.ijsrem.com/

g: \?“

IJSR E
cJournal

Volume: 09 Issue: 05 | May - 2025

International Journal of Scientific Research in Engineering and Management (I]SREM)

SJIF Rating: 8.586 ISSN: 2582-3930

biases and therefore offer a valid representation of the
diagnostic outcome. Past studies should be able to look into the
use of this model along with other diagnostic techniques such
as flow cytometry and genetic analysis to try and create a more
comprehensive diagnostic evaluation.

Further consideration must also be given to ethical issues as the
technologies that utilize Al to aid in the diagnosis of disease
become more commonplace in clinical settings. Ensuring
transparency in how the decision-making process of the model
is carried out, checking that patient data remains private, and
obtaining many regulatory approvals are key steps required to
ensure reasonable levels of trust in Al solutions that are based
on the use of Al. Collaboration will be key between Al
Researchers, Clinicians, and Regulatory bodies for these issues
to be resolved. Looking ahead, the findings presented by this
study leave several avenues for speculation and exploration.
Predictable improvements in the model architecture and data
augmentation techniques will see an improvement in the
accuracy of the computational model, whilst the continual
development of new methods of applying transfer learning will
see an improvement in the efficiency of processing what the
system currently does. Moreover, ongoing advances in
computational technology will likely reduce the difficulty of
implementing the systems in real-world settings. In conclusion,
this study now shows that deep learning has a vast potential that
may be utilized in totally transforming healthcare diagnostics
and especially in improving haematological diagnostics.

Trakuing Progrons (3-Agr 05 X230 1%

Fig 6: Training process with ResNet 50

Predicted Label: hem | Confidence: 100.00%

Fig 7: Testing with Alexnet

The proposed CNN-based system which automates the
detection of Acute Lymphoblastic Leukemia offers a
practical and scalable solution to existing diagnostic
problems. The ability of the system to provide rapid,
accurate, and reliable diagnostic results stresses the
importance of the system as a supplement to the work that is
done by the clinicians who use it. Ultimately the use of the
system will result in better patient outcomes and will also
improve the efficiency of healthcare delivery. Further
management and expansion of the current research and
development efforts will solidify the role of Al within
diagnostic practice methods rendering the way for the future
where technology and medical expertise will work together
in a more positive environment in which lives can be
improved.

Predicted Label: all | Confidence: 100.00%

Fig 8: Testing with ResNet 50
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This means that it makes healthcare providers very attractive
options that operate within resource-constrained townships,
where there may be a poor distribution of high-performance
computers which makes low- performance computers unviable
unavailable. The solution that is being proposed is the
enrichment of access to advanced diagnostic tools and this will
help in improving the health care offered, reducing disparities
present in healthcare delivery.
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Fig 9: Alexnet Confusion matrix
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Fig 10: ResNet 50 Confusion matrix
OUTPUT:

Table 2: Resnet 50 output

Accuracy 80%

Class ALL F1 score 0.63492

Class HEM Fiscore 0.452

0.52996

Overall Fiscore

Table 3: Alexnet output

Accuracy 79.15%
Class ALL F1 score 0.63636
Class HEM F1score 0.58333
Overall F1score 0.60985

VIIl. CONCLUSION

This study represents a very significant leap forward in the
application of CNNs and deep learning techniques for the
detection of Acute Lymphoblastic Leukemia (ALL) from blood
smears and bone marrow images. The proposed CNN-based
diagnostic system showed extremely high accuracy, sensitivity,
and specificity which enabled rapid accurate detection of
leukemic cells in blood smear and bone marrow images.
Automating the detection process overcomes several limitations
that are faced by traditional methods, including the time-
intensive manual evaluations and the reliance on specialist
skills. The importance of early detection of ALL (Acute
Lymphoblastic Leukaemia cannot be overstated, as it directly
affects the treatment options and survival rates of patients who
have ALL. Conventional diagnostic methods are however
limited in their efficacy and often require a high level of
resources to carry out, typically including extensive time
investment and one or more highly trained pathologists
examining the smear images via microscopy. In situations
where close to advanced diagnostics are not readily accessible
this can significantly delay critical treatment decisions. The
proposed CNN model however can simultaneously solve these
two problems by providing an efficient and scalable solution for
the detection of leukemia via image analysis of blood
precipitates.

A major strength of this research lies in the construction and
training of the CNN architecture. Providing a wide range of
datasets of blood smear images, the model was able to learn to
properly distinguish between normal and leukemic blood cells
even though subtle morphological differences were allowed
between the different cells. The capability of the model
highlights its robustness and adaptability, two factors that are
critical for successful deployment in real-world clinical
environments. The research undertaken has demonstrated that
this deep learning-based approach is likely to be able to reduce
the amount of misclassification which is made by the system by
a considerable percentage leading to an increase in diagnostic
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confidence levels in a clinical setting. The computational
demands of the CNN-based system imply to add practicality to
it. The proposed architecture used in comparison with higher
more complex models which require intensive computational
resources has a desirable balance between accuracy and
resource efficiency of the system.
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