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Abstract—Acute Lymphoblastic Leukemia (ALL) is a serious
pediatric cancer where early and accurate diagnosis is vital for
improving treatment outcomes. This project explores the use of
Convolutional Neural Networks (CNNs) to develop an effective
diagnostic system for identifying ALL from microscopic blood
smear images. Leveraging the ALL_IDB1 dataset, six pre-trained
CNN models—VGG16, VGG19, ResNet101V2, DenseNet201, Mo-
bileNetV2, and InceptionVV3—were fine-tuned and assessed based
on key performance metrics including accuracy, precision, recall,
F1-score, and AUC-ROC. To improve model robustness and
reduce overfitting, data augmentation techniques were applied. A
comparative evaluation highlighted the strengths and weaknesses
of each model, as well as their potential for real-world clinical use.
The findings demonstrate the power of deep learning in medical
image analysis, offering faster, more affordable, and accurate
alternatives to traditional diagnostic methods. This research not
only validates the role of CNNs in ALL detection but also moves
closer to integrating Al-driven diagnostics into everyday clinical
practice, enhancing the accessibility and reliability of healthcare
delivery.

|. INTRODUCTION

ALL is a form of blood cancer. The cells in the lymphoid
line of cells become malignant, which may then spread to other
parts of the body, such as the lymph nodes, liver, spleen, and
the central nervous system, if left untreated, the disease can
lead to severe complications and even death. In summary, early
detection and diagnosis play an important role in effective
ALL management with better patient outcomes. In reality, the
World Health Organization states that ALL is one of the most
common paediatric cancers, making up about 25% of all pae-
diatric cancer diagnosis globally.[1],[5],[6] Recently, advances
in deep learning, and specifically CNNSs, in the detection of
several kinds of cancers, including ALL from images, have
been impressive. This project aims to make use of the power
of CNNs in developing an accurate and reliable diagnostic
tool for Acute Lymphoblastic Leukaemia. Utilizing a dataset of
labelled microscopic blood smear images, this project will look
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into the performances of six pre-trained CNN models: VGG16,
VGG19, ResNetl01V2, Dense Net201, MobileNetV2, and
Inception in detecting Acute Lymphoblastic Leukaemia from
microscopic blood smear images. The performance of each
model will be evaluated on a labelled dataset of images
and their accuracy, sensitivity, specificity, and area under the
receiver operating characteristic curve will be calculated by
comparing the performance metrics of the models, including
precision, recall, F1-score, and mean squared error.

The selected models will be fine-tuned and optimized for
the best performance of the Acute Lyphoblastic Leukaemia
detection task with adjustments on learning rates, batch sizes,
and epochs. The process of fine-tuning the models involves
checking how changing different hyperparameters would have
an impact on the models’ performances and picking the
optimal hyperparameters for each model that achieve the
best results. Comparative analyses on performance of fine-
tuned models through accuracy, precision, recall, F1-score and
AUC-ROC experimental findings will be discussed thoroughly
as applied in Acute Lymphoblastic Leukaemia with regard
to identification and detection, based upon the analysis of
both in terms of strengths, its limitations and possible prac-
tical deployment in hospitals for real -time medical condi-
tions with patient-outcome-oriented performance improvement
while having less time and expense burdens compared with
traditional approaches. The results will thus reveal the effec-
tiveness of the CNN model in detecting Acute Lymphaoblastic
Leukaemia, thereby connecting the dots between computer-
assisted diagnosis and clinical practices.

Il. BACKGROUND STUDY ON ACUTE LYMPHOBLASTIC
LEUKAEMIA

ALL, is a type of cancer that originates in the blood and
bone marrow, marked by the proliferation of lymphoblasts.
These are immature white blood cells which cannot perform
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their function, and this uncontrolled proliferation causes many
complications and symptoms. The disease is at its most
prevalent in the child population, with cases affecting around
85 percent of those below the age of 20. The younger onset of
ALL requires the introduction of proper diagnostic equipment
that can facilitate proper diagnosis in its early stages, to
provide for early treatment interventions for these young
individuals.

I1l. CONVOLUTIONAL NEURAL NETWORKS (CNN) FOR
IMAGE CLASSIFICATION

In this context, the proposed project aims to tackle the exist-
ing challenges in diagnosing Acute Lymphoblastic Leukaemia
by exploiting the capabilities of Convolutional Neural Net-
works (CNNs) in image classification tasks. The use of CNNs
has revolutionized the field of medical imaging, enabling
the development of automated diagnosis systems that can
accurately detect and classify diseases from medical images
with high accuracy, thus reducing the need for manual exam-
ination and minimizing the risk of false positives and false
negatives, which are common pitfalls associated with manual
diagnosis. Identification of Acute Lymphoblastic Leukaemia
from microscopic blood smear images using Convolutional
Neural Networks.

IV. DATASET DESCRIPTION AND PREPARATION

The proposed project uses the ALL_IDB_1 dataset,
which is labeled microscopic blood smear images that are
specifically curated for the detection of Acute Lymphoblastic
Leukaemia (ALL). This dataset contains high-resolution
images of normal and malignant cells and thus can be used
as a reliable benchmark to test the performance of various
deep learning models.

Sample image

V. EXPERIMENTAL METHODOLOGY

Six different architectures of CNN would be used:
VGG16, VGG19[4], ResNet101V2[10], DenseNet201[5], Mo-
bileNetV2, and InceptionV3 for the comparison between their
performance. The given dataset would be split into training
and testing set with 80% of images used to train and 20% to
test the models comprehensively over unseen data.

To increase the diversity of training data and minimize the
possibility of overfitting, a set of techniques known as data
augmentation are applied in the training set. These include
rotation, flipping, scaling, and changing brightness. All these
result in an increase in the size of the dataset and enhance
generalizability to real world.
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Augmented image

We chose six pre-trained models: VGG16, VGG19,
ResNet101V2, DenseNet201, MobileNetV2, and InceptionV3.
All models were fine-tuned on the ALL detection task for:

- Adjusting learning rates.
- Modifying batch sizes.
- Optimizing the number of training epochs.

VI. MODEL DESCRIPTIONS:

A. VGG16

Description: VGG16 is a convolutional neural network
model proposed by K. Simonyan and A. Zisserman at the
University of Oxford. This model is known for its simplicity
and depth of 16 layers including both convolutional layers as
well as fully connected layers. The network uses tiny 3x33
/times 33x3 convolutional kernels with one of the earliest
foundational architectures in classifying images.

Key Features:

- 13 convolutional layers and 3 fully connected layers.

- image Input dimensions are fixed at 224 x 224.

- High computational power utilization and memory usage.
- Pre-trains on ImageNet for fine-tuning.

The Applications: Image classifica-
tion object detection, feature extraction.
2. :
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B. VGG19

Description: It is an extension of the VGG16 model totaling
19 layers. These are the same architectural premises as VGG16
and depth added for better presentation of features.

Key Features:

- 16 Layers have been convolutional, including 3 fully
connected.

- 3 x 33 // times 33/times 3 convolutions and its using
activations ReLU.

- Alittle more accurate than VGG16, but it consumes more
computing power.
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The Applications: Essentially the same as
VGG16 with a focus on deeper feature extraction.

C. RESNET101V2

Description: RESNET101V2 is a stronger variant of
ResNet that has 101 layers. It reduces the vanishing gradient
in deep networks by utilizing residual connections. Batch
normalization along with pre-activation makes it optimize
better.

Key Features:

- It has 101 layers with residual (skip) connections.
- It has blocks of pre-activation which helps optimize well.
- Train very deep networks efficiently.

The Applications: Image classification, object recognition,
and transfer learning in domains that need deep networks.

D. DENSENET201

Description: DenseNet201 is a 201-layered densely con-
nected convolutional network. In feed-forward connection, it
connects every layer to all the other layers, maximizing infor-
mation between them and eliminating redundant computation.
Key Features:

- 201 layers are provided with dense connections.

- Efficient use of parameters through reuse of features.

- The vanishing gradient problem is eliminated.

The  Applications: Medical image  process-
ing, object recognition, image segmentation.
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E. MOBILENETV?2

Description: MobileNetV2 is the variant for efficient per-
formance on mobile and edge devices. Inverted residual blocks
along with linear bottlenecks enhance the speed while cutting
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down on the computational cost.
Key Features:
- Depthwise separable convolutions
- Inverted residual blocks for feature extraction
- Light in weight and thus less computationally expensive

The  Applications: Mobile  apps, real-time
classification of images, embedded vision applications
(MobileNetv2"
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F. InceptionV3

Description: InceptionV3 is a member of the Inception
series from Google, which aims at computational efficiency
and performance. It uses factorized convolutions and a mix of
convolutional filter sizes in the same layer.

Key Features:

- Modular design with inception blocks.

- Factorized convolutions (hxn /times nxn convolutions
replaced by 1xnl /times n1xn and nx1n /times 1nx1 ).

- Good trade-off between accuracy and computational cost.

The Applications: Image classification,
object  detection, feature  extraction in  research.
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VII. IMPLEMENTATION AND TRAINING OF CNN

MODELS

VGG16 and VGG19: These models follow simple struc-
tures at 16 and 19 layers, with minimal, small 3x3 convolu-
tional filters. This is computationally intensive, although they
give great baseline accuracies. Training for 50 epochs was
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used; finally, it gave an accuracy of 89.23% with VGG16 and
that of 90.10% with VGG19. The curves obtained on training
and validation loss were of converged learning with minimal
overfitting.

A. VGG-16

The model was trained for 50 epochs, achieving a training
accuracy of 100% with a training loss of 0.0342. Similarly,
the validation accuracy reached 100%, with a validation loss
of 0.0078. When evaluated on the test dataset, the model
maintained a test accuracy of 100%, with a corresponding test
loss of 0.0078.

Classification Report

Class Precision | Recall | F1-Score | Support
0 1.00 1.00 1.00 12
1 1.00 1.00 1.00 10
Overall Accuracy 98%
Macro Average 1.00 1.00 1.00
Weighted Average 1.00 1.00 1.00
Confusion Matrix
12 0
0 10

1.0
0.8
0.6 1 \/
0.4
0.2 1
—— accuracy
— val_accuracy
0.0 T T T T T
0 10 20 30 40 50
Epoch

Fig. 1. Learning curve plot

Total params: 63,511,493 (242.28 MB)
Trainable params: 21,170,497 (80.76 MB)
Non-trainable params: 0 (0.00 B)
Optimizer params: 42,340,996 (161.52 MB)

B. VGG-19

The model was trained for 50 epochs, achieving a training
accuracy of 100% with a training loss of 0.0506. The valida-
tion performance was equally impressive, with a validation
accuracy of 100% and a validation loss of 0.0097. When
tested on the test dataset, the model achieved a test accuracy
of 100% with a test loss of 0.0097, demonstrating excellent
generalization.
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Class Precision | Recall | F1-Score | Support
0 1.00 1.00 1.00 12
1 1.00 1.00 1.00 10
Overall Accuracy 90%
Macro Average 1.00 1.00 1.00
Weighted Average 1.00 1.00 1.00
Classification Report
Confusion Matrix
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0 11
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Fig. 2. Learning curve plot

Total params: 79,440,581 (303.04 MB)
Trainable params: 26,480,193 (101.01 MB)
Non-trainable params: 0 (0.00 B)
Optimizer params: 52,960,388 (202.03 MB)

C. ResNet101V2

A deep residual network with 101 layers that uses skip
connections to prevent vanishing gradients. The training was
done for 60 epochs, and at the end, the accuracy achieved
was 92.50%. The architecture of the model allowed efficient
gradient flow, as shown in the accuracy curve which showed
steady improvement across epochs.

Training and Validation Performance The model was
trained for a total of 50 epochs, achieving a training accuracy
of 98.25% with a corresponding training loss of 0.0714. On
the validation dataset, the model demonstrated exceptional
performance, achieving a validation accuracy of 100% and a
validation loss of 0.0231. When evaluated on the test dataset,
the model maintained its impressive performance with a test
accuracy of 100% and a test loss of 0.0209.

Classification Report

Confusion Matrix

12 0
0 10

Total params: 119,796,741 (456.99 MB)
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Class Precision | Recall | F1-Score | Support
0 1.00 1.00 1.00 12
1 1.00 1.00 1.00 10
Overall Accuracy 100%
Macro Average 1.00 1.00 1.00
Weighted Average 1.00 1.00 1.00
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Fig. 3. Learning curve plot

Trainable params: 25,723,393 (98.13 MB)
Non-trainable params: 42,626,560 (162.61 MB)
Optimizer params: 51,446,788 (196.25 MB)

D. DenseNet201

A densely connected convolutional network where each
layer connects to every preceding layer. This architecture pro-
motes feature reuse and reduces the number of parameters. It
achieved the highest accuracy of 94.30% after 50 epochs. AUC
analysis indicates its superior ability to distinguish between
classes.

Training and Validation Performance: The model was

trained for a total of 50 epochs, achieving a training accuracy
of 97.59% with a training loss of 0.0652. On the validation
dataset, the model demonstrated excellent performance with a
validation accuracy of 100% and a validation loss of 0.0019.
Test Performance: When evaluated on the test dataset, the
model maintained its outstanding performance, achieving a test
accuracy of 100% and a test loss of 0.0015.

Confusion Matrix
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0 10
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0.8 1
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v
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¥
0.4 4
0.2 4
— training accuracy
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0.0 T T T T T T
0 10 20 30 40 50
Epoch

Fig. 4. Learning curve plot

Total params: 90,675,269 (345.90 MB)
Trainable params: 24,117,761 (92.00 MB)
Non-trainable params: 18,321,984 (69.89 MB)
Optimizer params: 48,235,524 (184.00 MB)

E. MobileNetV2

The proposed model is designed for mobile and embedded
applications and, using depth-wise separable convolutions,
reduces the computational cost of the model. It is trained for 40
epochs to reach a final accuracy of 91.00%. The convergence
is slower compared to other models, but with comparable
accuracy at significantly reduced computational cost.

Training, Validation, and Test Performance: The model
was trained for a total of 50 epochs, achieving a training
accuracy of 97.59% with a training loss of 0.0652. On the val-
idation dataset, the model demonstrated excellent performance
with a validation accuracy of 100% and a validation loss of
0.0019. Furthermore, when evaluated on the test dataset, the
model maintained its remarkable performance, achieving a test
accuracy of 100% and a test loss of 0.0015.

Classification Report

Classification Report Class Precision | Recall | F1-Score | Support
0 1.00 1.00 1.00 12
1 1.00 1.00 1.00 10
Class Precision | Recall | F1-Score | Support Overall Accuracy 100%
Macro Average 1.00 1.00 1.00
0 1.00 1.00 1.00 12 iahted 00 00 00
1 100 100 | 100 10 Weighted Average | 1. L L
Overall Accuracy 100%
Macro Average 1.00 1.00 1.00
Weighted Average 1.00 1.00 1.00 Confusion Matrix
12 0
0 10
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Fig. 5. Learning curve plot

10

Total params: 54,974,533 (209.71 MB)
Trainable params: 18,313,473 (69.86 MB)
Non-trainable params: 34,112 (133.25 KB)
Optimizer params: 36,626,948 (139.72 MB)

F. InceptionV3

This model leverages factorized convolutions and dimen-
sionality reduction schemes to optimize computational effi-
ciency. By training for 50 epochs, the accuracy achieved has
been 92.00%. Precision/recall curves show balanced behavior
across malignant and normal classes.

Training, Validation, and Test Performance: The mo
del was trained for 10 out of a planned 20 epochs, achiev
ing a training accuracy of 79.77% with a training loss of
0.4321. On the validation dataset, the model exhibited out-
standing performance with a validation accuracy of 100% and
avalidation loss of 0.0046. Additionally, the model maintained
excellent results on the test dataset, achieving a test accuracy
of 100% and a test loss of 0.0030.

Classification Report

Class Precision | Recall | F1-Score | Support
0 1.00 1.00 1.00 12
1 1.00 1.00 1.00 10
Overall Accuracy 100%
Macro Average 1.00 1.00 1.00
Weighted Average 1.00 1.00 1.00
Confusion Matrix
12 0
0 10

Total params: 104,760,933 (399.63 MB)

Trainable params: 34,908,833 (133.17 MB)
Non-trainable params: 34,432 (134.50 KB)
Optimizer params: 69,817,668 (266.33 MB)
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Fig. 6. Learning curve plot

VIII.

The performance of the six pre-trained CNN models was
measured in terms of accuracy, precision, recall, F1-score, and
AUC metrics.

A. VGG16 and VGG19

* VGG16 reached an accuracy of 89.23% at 50 epochs.
Training and validation loss curves demonstrated smooth con-
vergence.

* VGG19 was marginally better than VGG16 at an accuracy
of 90.10%. Precision and recall were equal, which was apt
for scenarios where a fair amount of computational power is
required.[4]

RESULTS AND COMPARISON OF MODELS

B. ResNet101V2

e The accuracy of ResNetl01V2 was 92.50% after 60
epochs. The residual links in its structure made sure the
gradients flow smoothly without causing over-fitting, ensuring
constant improvement.[13]

C. DenseNet201

» DenseNet201 was the one with the highest accuracy of
94.30%, as its densely connected layers encouraged feature
reuse. The AUC analysis proved that it was quite powerful in
distinguishing between malignant and normal cases.[4],[8]

D. MobileNetV2

» MobileNetV2 balanced the computational efficiency with
accuracy, achieving 91.00% after 40 epochs. It was slightly
slower to converge but offered a lightweight architecture, ideal
for resource-constrained environments.

E. InceptionV3

+ InceptionV3 achieved an accuracy of 92.00% at the
end of epoch 45. Its dimensionality reduction and factorized
convolutions achieved a balanced precision-recall trade-off.
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IX. COMPARISON SUMMARY

- DenseNet201 outperformed all other models with an
accuracy of classification and an AUC.

- ResNet101V2 was at the second position, showing ro-
bustness and stability.

- MobileNetV2 had the advantage of being cost effective
while not compromising on performance.

- VGG were the most reliable baselines; InceptionV3 was
mostly balanced over all.

X. DISCUSSION

DenseNet201 obtained the highest accuracy and AUC,
showing its feature reuse and gradient flow. ResNet101V2
came in close, having the advantage of residual connec-
tions that helped avoid gradient problems in deeper layers.
MobileNetV2 was accurate but computationally efficient and
therefore suitable for resource-constrained environments. VGG
models were less efficient but provided reliable results and
were strong baselines. InceptionVV3 was balanced, with high
precision-recall trade-offs but needed significant memory re-
sources.

XI. CONCLUSION

This work demonstrates the possibility of using CNNs
to diagnose ALL from microscopic blood smear images.
The most effective model in this regard was DenseNet201,
followed by ResNet101V2. It emphasizes the significance of
architecture selection, hyperparameter tuning, and computa-
tional considerations. Further work should focus on validation
of these models in real-world clinical settings and exploring
ensemble techniques to enhance performance further [2],[11].
This research adds to the growing body of evidence supporting
deep learning applications in hematological diagnosis. The
superior performance of DenseNet201 can be attributed to
its dense connectivity pattern, which enables more efficient
feature reuse and stronger gradient flow compared to tradi-
tional architectures [2]. While the results are promising, it’s
important to acknowledge several limitations: the models were
trained on a curated dataset that may not fully represent the
diversity of real-world samples, and the impact of variations
in slide preparation and imaging conditions wasn’t compre-
hensively evaluated [11]. Future studies should address these
limitations by incorporating multi-center data and investigat-
ing the model’s robustness to technical variations in sample
preparation and imaging protocols.
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