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’ Detecting blood cancer through histopathological analysis of bone marrow tissue is a critical
diagnostic process that requires accuracy and efficiency. In this study, we propose an automated
system for detecting blood cancer (Leukemia) from bone marrow histopathological images using a
hybrid approach combining Generative Adversarial Networks and Convolutional Neural Networks

(GAN+CNN).

Methods: The system processes high-resolution images to identify malignancies by learning
complex patterns from pixel-level features. Our model incorporates image preprocessing techniques
such as stain normalization and noise reduction to improve image consistency and quality. This
automated approach can speed diagnosis and reduce subjectivity in blood cancer detection,
providing a robust tool to support clinical decision-making.

. Results: The proposed GAN+CNN achieves 99.96% accuracy, 98.3% precision, 98.4% recall, and
Keywords: a 97.53% F1-score.
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Conclusion: The proposed GAN+CNN method achieved better performance in leukemia detection
and can support rapid, reliable diagnosis.
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Introduction

lood cancer denotes a category of

malignancies that impact the blood, bone

marrow, and lymphatic system. These

malignancies encompass several types of

leukemia, lymphoma, and myeloma [1].

Effective blood cancer diagnostics is
essential for early disease detection [2]. If you exhibit
signs and symptoms of blood cancer, it is crucial to
obtain medical consultation and get testing [3]. Flow
cytometry is an effective method for examining
individual cells to detect atypical traits. This procedure
entails extracting a blood sample and filtering it
through biocompatible nanosized particles to identify
biochemical markers of malignancy [4]. Uncontrolled
growth of lymphocytes, a type of leukocyte, causes
lymphoma. Lymphocytes in the blood and lymphatic
tissues protect the organism against several diseases
[5]. Thus, computerized diagnosis of malignant
lymphoma is needed to address existing challenges.
Despite advances, conventional machine learning
methods for H&E-stained histopathology image
analysis have three limitations [6-9]. The initial phase
involves unsupervised extraction of handcrafted
properties that are uncorrelated with subsequent WSI
analytical assignments [10]. Unlike traditional machine
learning approaches, deep learning can extract
meaningful features for specific WSI analysis tasks by
mapping input directly to output. Moreover,
heterogeneous patterns in WSIs can induce variability
across samples, limiting the generalization of hand-
crafted features [14]. Deep learning algorithms can
describe complex patterns when trained on sufficient
WSI data. Recently, high-throughput tissue banking
and the preservation of digitized whole slide images
have made deep learning algorithms more scalable
because they can analyze large amounts of data and
perform complex calculations efficiently in terms of
cost and time.

The authors in [15] offer a sophisticated automated
approach employing deep neural networks to detect
ALL blast cells in tiny blood smear images. It achieves
an impressive 97% success rate with MobileNetV2. In
[16], convolutional neural networks are used to
automatically detect Acute Lymphoblastic Leukemia.
In [17], random forests, KNN, naive Bayes, decision
trees, VGG16, ResNet50, and DenseNet201 were
employed. In [18], deep transfer learning models
VGG16, ResNet50, AlexNet, MobileNet, GoogLeNet,
and EfficientNetBO were used for feature extraction
and classification. [19] offers a decision-assistance
system, the Histogram Threshold Segmentation
Classifier (HTsC). It uses blood smear image color and
brightness fluctuations for assessment. A hybrid model
utilizing geometric transformation (GT) and a deep
convolutional autoencoder (DCAE) is proposed [20].
Based on hybrid features acquired using LBP, GLCM,
and FCH, [21] uses ANN, FFNN, and SVM. AlexNet
+ SVM achieved 100% accuracy, GoogLeNet 98.1%,
and ResNet-18 100%.

In this study, we propose an automated system for
detecting blood cancer (Leukemia) from bone marrow
histopathological images using Hybridization of
Generative Adversarial Networks and Convolutional
Neural Networks (GAN+CNN). The system processes
high-resolution images to identify malignancies by
learning complex patterns from pixel-level features.
The proposed architecture is optimized to handle
variations in cell morphology, staining, and image
quality, achieving superior accuracy, sensitivity, and
specificity.

Materials and Methods

Figure 1 outlines a pipeline for -classifying
histopathological images into specific lymphoma
subtypes. The process begins with the Kaggle Dataset
containing histopathological images, which undergo

Kaggle Dataset
(histopathological
images)

Preprocesssing
using adaptive
medial filter

Feature extraction using
Residual network with

attention mechanism

Hybridization of
Generative adversarial
network with Convolution
Neural network based

\’

Low-level
Mid-level
High level

e Chronic Lymphocytic Leukemia (CLL)
e Follicular Lymphoma (FL),
e Mantle Cell Lymphoma (MCL)
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Figure 1. Overall block diagram for leukemia classification.
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preprocessing using an adaptive median filter to
remove noise and enhance image quality.
Subsequently, feature extraction is performed using a
Residual Network (ResNet) integrated with an attention
mechanism to capture multi-level features (low-level,
mid-level, and high-level) for detailed analysis. The
extracted features are fed into a hybrid model
combining a Generative Adversarial Network (GAN)
and a Convolutional Neural Network (CNN) for
classification. This hybrid approach leverages GANs to
enhance training and CNNs for accurate feature-based
classification. Finally, the system classifies the images
into one of three lymphoma subtypes: Chronic
Lymphocytic Leukemia (CLL), Follicular Lymphoma
(FL), or Mantle Cell Lymphoma (MCL).

Dataset description

The proposed methods assessed histological images
of malignant lymphomas obtained from biopsies and
stained with H&E. Figure 2 below shows sample
images from the malignant lymphoma dataset. The
dataset was obtained from Kaggle and consisted of
15,000 images uniformly distributed across three types
of malignant lymphoma: CLL, FL, and MCL. All
images in the collection were in JPEG format, and each
image was 512 x 512 pixels.

Preprocessing using adaptive median filter

AMF is a category of filters whose filtering efficacy
is adjusted according to local image statistics. AMF is

Lymph MCL

Lymph CLL

Lymph MCL

Figure 2. Sample dataset of malignant lymphoma.
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Lymph CLL

Lymph MCL

a spatial model that uses a dynamic kernel. The initial
picture (I(x,y)) is processed utilizing Equation (1),

Lwr (6, y) = Iyp(x,y) +2 g Ux,y) -
Iur(x,y)) O

The global variance of picture noise is o7 while the
local variance is o7. In homogeneous areas, o7 is tiny
and the filter operates aggressively, resulting in an
equation that approaches I,z (x, ). In the edge area, 6
is large and the filter decreases noise, resulting in an
equation close to I(x, y). Although AMF pictures have
minimal noise, spatial resolution is compromised.

Feature extraction using Residual network

Using a residual network integrated with an
attention mechanism to extract features from
histological images of blood cancer significantly
improves diagnostic precision. Residual networks, such
as ResNet, mitigate the vanishing gradient issue and
improve the training efficacy of deep neural networks
through skip connections that promote information
transfer across layers. These networks excel at
extracting hierarchical features from histopathology
images, capturing both low- and high-level patterns
essential for identifying malignant areas. The
geometric characteristics were determined using area
(A), perimeter (P,roundness (meter P, roundness
R, and segmented cells. L. The number of segmented
pixels for each nucleus is x sub k, and start equation cap

Lymph MCL

Lymph FL

Lymph MCL

Lymph FL
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A is its area; perimeter is P, tA area is is's roundness i
R.  is the number of pixels at the cell boundary of
each nucleus,

fiil @)
frA=1%k  xfork=12..L 3)
farP = They P 4)
J )
fsiR =% ©)

Similar to residual learning, a soft mask unit created
as a specific mapping should perform as well as its
unattended equivalent. Thus, Attention Module output
R is modified as follows:

Ric) = (14 Gic(V)) * Dye() @)
R(y) will approximate original features D(y) if
G (y) approximates 0.

Classification using hybrid GAN+CNN

To classify blood cancer histopathological images into
three  malignant  lymphoma  classes—Chronic
Lymphocytic Leukemia (CLL), Follicular Lymphoma
(FL), and Mantle Cell Lymphoma (MCL)—a hybrid
approach using GANs for data augmentation and CNNs

Upsample

8

| Reshape
Layer

8x8x2

Extracted Features as
Input

x8x2

]

for classification is highly effective, as shown in Figure 3.

The generator generates images from latent space
coordinates. Most latent spaces are 100-dimensional
vectors. During training, the generator learns to map
discrete points to images. After retraining, the model
will have enhanced mapping skills. Mastering GANs
involves real-time training of both the discriminator
and generator networks, which is complex and requires
min-max modifications for both components. This
procedure is illustrated in Equation (1),

min max

TTVGAN(D; G)

= Ex—paata(®) [logD(x)]
+ E;p, [l0g (1= D(G(2))|

Where the expected value of authentic instances is
Ey—paara(x)» Whereas the expected value of counterfeit
instances is E,_,, (,); the stochastic noise variable for a
typical normal distribution is p,(z). The original data
is x, the generator function that maps it to space is G (z),
and the probability of the original data x vs. the
generated data is D(X). V3 is a convolutional neural
network architecture from the Inception family.

Results

All experiments were conducted using Google
Colaboratory, a cloud-based platform that supports
Jupyter Notebooks using Python 3.12.0 on Google
Compute Engine. Colab Pro offers prolonged runtimes.
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Figure 3. Hybrid GAN_CNN architecture.
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The runtime used a T4 GPU, 15 GB of RAM, 12.7 GB
of system RAM, and 201.2 GB of disk space. Colab
makes it easy to integrate Google Drive, which was
used to store and access the dataset, model weights, and
log files. Table 1 shows the parameter settings involved
in the proposed model.

Table 1. Parameter settings.

Method Parameter Value
Feature levels 3
ResNet Area, perimeter,
Iieaimics (s roundness
Convolution )
. layers
Attention Convolution size 1x1
Activation Sigmoid
GAN Latent vector size 100
Architecture Inception V3
FaCtOI‘lZ.ed 7% 7
convolution
CNN Auxiliary
. 1
classifier
Label smoothing Used
Output classes 3
.. Learning Rate 0.001
Training

Epochs evaluated 10, 20, 30, 40, 50
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We evaluated DL models using numerous metrics
in these trials. Key performance criteria are precision,
accuracy, F1 score, and recall. These parameters are
analyzed for the existing MobileNetV2 [15], CNN [16],
and the proposed Hybrid GAN-+CNN. Here's a
breakdown of each assessment measure and related
mathematical equation,

Figure 4 indicates the overall comparison of
accuracy. As the number of epochs increases from 10
to 50, the proposed hybrid GAN+CNN method
achieves the best accuracy of 99.96%, which is 2.96%
better than MobileNetV2 and 0.3.5% better than CNN.

101
- 100
S 99 - = MobileNetV2
z 98
8 A
£ 971 u CNN
g 9%
< 95 -

94 ® Hybrid

10 20 30 40 50 GAN+CNN

Number of epochs
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Figure 4. Analysis of accuracy.

Figure 5 shows the overall precision comparison.
As the number of epochs increases from 10 to 50, the
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proposed hybrid GAN+CNN method achieves the best
precision of 91.6%, which is 7.3% better than

100

98

£ 9 ® MobileNetV?2

£ %

g 2 = CNN

2 9

= 88

86 u Hybrid

10 20 30 40 50 GAN+CNN
Number of epochs
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Figure 5. Analysis of precision.
MobileNetV2 and 7.3% better than CNN.

Figure 6 demonstrates the overall comparison of
recall. As the number of epochs increases from 10 to
50, the proposed hybrid GAN+CNN method achieves
the best recall of 98.4%, which is 8.15% better than

100
_ 95
3 90 B MobileNetV2
=
g 8 = CNN
80
75 = Hybrid
10 20 30 40 50 GAN+CNN
Number of epochs
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Figure 6. Analysis of recall.
MobileNetV2 and 14.32% better than CNN.

Figure 7 provides an overall comparison of the F1-
score. As the number of epochs increases from 10 to 50,
the proposed Hybrid GAN+CNN achieves the best F1-
score of 97.53%, which is 16.12% better than

120
= 100
§ 20 ® MobileNetV2
S 60
<9
40 uCNN
=

20
0 = Hybrid
GAN+CNN

10 20 30 40 50
Number of epochs
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Figure 7. Analysis of F1-score.
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Overall Performance of the MobileNetV2,CNN and Hybrid GAN+CNN (Proposed)
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Figure 8. Overall performance of the MobileNetV2, CNN and Hybrid GAN+CNN (proposed).

MobileNetV2 and 14.42% better than CNN.
Discussion

Figure 8 indicates the Overall performance of
MobileNetV2, CNN, and Hybrid GAN+CNN
(proposed) and lists the overall performance of the
Hybrid GAN+CNN (proposed)method. The proposed
method shows a 0.34% increase in accuracy, a 5.23%
increase in Precision, an 8.4% increase in Recall, and
an 11.23% increase in F1-Score.

Table 2 clearly presents the ablation study analysis
of the proposed model in terms of different measures.
The experimental results indicate that the proposed
Attention-ResNet + GAN + CNN model achieves
better performance than the other models. It is also
observed that the CNN model achieves lower
performance, and the inclusion of GAN and ResNet

Table 2. Ablation results of the proposed model.

Methods Accuracy Precision Recall FI1-
Score

CNN 99.61 91.00 84.08  83.11

ResNet +

CNN 99.72 93.46 90.82  88.94

GAN +

CNN 99.86 96.42 9576 94.86

Attention-

ResNet +

GAN + 99.96 98.30 98.40  97.53

CNN
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along with CNN leads to improved results.

Conclusion

This study developed attention-mechanism-based
feature extraction and hybrid deep learning and image-
processing methods to accurately identify and classify
leukemia cells. GANs enhance the training dataset by
generating synthetic yet realistic images, addressing
class imbalance and improving generalization. CNNss,
on the other hand, provide powerful feature extraction
and classification capabilities, particularly when
enhanced with attention mechanisms for multi-level
feature representation. The proposed technique may
accurately and efficiently identify and categorize
leukemia cells, improving diagnosis and therapy.
Future research can incorporate multi-modal data such
as genetic profiles, clinical data, and other imaging
modalities (e.g., MRI or CT scans) to enhance the
diagnostic accuracy and provide a holistic
understanding of blood cancers.
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    m i n  G   m a x  D   V  G A N  ( D , G ) =   E  x −   p  d a t a  ( x )  [ l o g D  ( x ) ] +   E  z −   p  z  ( z )  [  log ⁡   ( 1 − D  ( G  ( z ) ) ) ]
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