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Abstract: Medical image analysis plays a pivotal role in modern healthcare, aiding clinicians in the timely and accurate diagnosis of
various ailments. Lesion detection, in particular, is a critical component of this process, where the need for improved efficiency and
accuracy remains a pressing concern. This paper presents a novel approach that leverages the power of deep learning and genetic
algorithms to address these challenges and enhance lesion detection in medical images.

Existing lesion detection methods often struggle with two major limitations: the demand for extensive labeled data and the ability to
capture intricate lesion boundaries. This work aims to overcome these challenges by proposing a Unified Neural Network (UNet)
architecture, a popular choice in medical image analysis, coupled with a Genetic Algorithm (GA) optimization technique. This
synergistic combination facilitates significant improvements in both efficiency and accuracy.

Our proposed method begins by training a UNet model on a limited dataset of annotated medical images, reducing the need for extensive
manual labeling. To address the issue of precise boundary delineation, the Genetic Algorithm is employed to fine-tune the model,
optimizing its parameters for lesion detection. This dynamic approach empowers the model to adapt and learn from the data, enhancing
its ability to identify lesions with higher precision. The advantages of our approach are manifold. Firstly, it substantially reduces the
labeling burden on medical experts, making it more feasible to scale up lesion detection efforts across diverse medical domains.
Secondly, the integration of the Genetic Algorithm ensures that the UNet model reaches optimal performance, resulting in more accurate
and reliable lesion detection. Additionally, our method exhibits robustness across different imaging modalities, making it adaptable for
a wide range of medical image analysis tasks.
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lesion detection continues to pose substantial challenges [1,
2, 3]. This is done via use of Dual Adversarial Attention
(DAA) process.

1. Introduction

Medical image analysis has emerged as a cornerstone of
modern healthcare, catalyzing the early and precise
diagnosis of various medical conditions. Among the myriad
applications in this domain, the detection of lesions in
medical images stands out as a crucial task, facilitating
timely intervention and improving patient outcomes.
However, despite significant advancements in imaging
technologies and computer-aided diagnosis (CAD) systems,

The need for accurate and efficient lesion detection is
paramount. Many medical conditions, ranging from cancer
to neurological disorders, manifest through the presence of
lesions or abnormal tissue formations within anatomical
structures. Early and accurate detection of these lesions not
only informs treatment decisions but can also be life-saving.
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Therefore, the development of robust and reliable methods
for lesion detection is an ongoing pursuit in the field of
medical image analysis.

Existing approaches to lesion detection predominantly rely
on machine learning and deep learning techniques,
showcasing impressive results in various medical imaging
modalities such as X-ray, MRI, CT, and histopathology
slides. However, two major limitations persistently hinder
the widespread adoption of these methodologies.

Firstly, the insatiable appetite for labeled data poses a
significant bottleneck. Training deep learning models,
particularly convolutional neural networks (CNNs),
necessitates vast amounts of meticulously annotated
medical images. The process of obtaining such annotations
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from domain experts is time-consuming, expensive, and
often infeasible due to privacy concerns. This labeling
burden severely restricts the scalability of lesion detection
systems and limits their applicability to rare diseases or
specialized medical domains.

Secondly, achieving precise boundary delineation of lesions
remains a challenging endeavor. Lesions often exhibit
complex and irregular shapes, making it difficult for
standard CNN architectures to accurately outline their
contours. Misclassification or incomplete delineation can
lead to false negatives or reduced diagnostic accuracy,
potentially compromising patient care.

To address these critical issues, this paper introduces a
novel approach that combines the power of deep learning,
particularly the Unified Neural Network (UNet), with the
adaptability of Genetic Algorithms (GAs) to enhance the
efficiency and accuracy of lesion detection in medical
images. By synergizing these two techniques, we aim to
revolutionize the landscape of lesion detection and
overcome the limitations of existing methods [4, 5, 6].
These include Hybrid Transformer with Modality-
Correlated  Cross-Attention (HTMCA) &  Simple
Contrastive  Voxel-Wise Representation  Distillation
(SCVRD) methods.

In this paper, we present a comprehensive study that
demonstrates the advantages of our proposed approach. We
begin by discussing the challenges posed by the need for
extensive labeled data and the intricacies of precise
boundary delineation. Subsequently, we introduce our
novel method that leverages UNet as a foundation for lesion
detection while utilizing GAs for dynamic optimization.
This synergistic combination allows our model to learn
from limited data and adapt to the complexities of lesion
shapes, ultimately leading to more efficient and accurate
detection.

In the following sections, we provide a detailed description
of our approach, including the architecture of the UNet
model and the implementation of the Genetic Algorithm
optimization process. We also present experimental results,
demonstrating the superior performance of our method
across different medical imaging modalities and datasets.
Furthermore, we discuss the implications of our findings in
the context of advancing medical image analysis and
improving clinical practice. Overall, this paper addresses
the pressing need for enhanced lesion detection in medical
images by introducing a novel and robust methodology that
not only reduces the burden of data labeling but also
significantly improves accuracy. By combining UNet with
Genetic Algorithm optimization, we offer a promising
avenue for transforming the landscape of medical image

analysis, with the potential to revolutionize patient care and
outcomes across diverse medical domains.

2. Literature Review

Lesion detection in medical imaging is a fundamental task
with widespread applications in disease diagnosis and
treatment monitoring. Lesions can manifest in various
forms, such as tumors, cysts, or abnormalities in anatomical
structures. Timely and accurate lesion detection is critical
for improving patient outcomes and reducing the burden on
healthcare systems.

Traditional approaches to lesion detection relied on manual
inspection by radiologists and clinicians. While effective,
this approach is labor-intensive, subject to human error, and
limited by the expertise of the observer. Consequently,
researchers have turned to computational methods to
augment and, in some cases, replace human-based detection
process [7, 8, 9].

Machine learning techniques, such as support vector
machines (SVMs) and random forests, have been applied to
lesion detection tasks. These methods often require
handcrafted features and can achieve reasonable results but
struggle with complex lesion shapes and variations.
Additionally, they may not scale well to large datasets and
diverse lesion types.

The advent of deep learning has revolutionized lesion
detection in medical imaging. Convolutional Neural
Networks (CNNS), in particular, have shown remarkable
success in various medical imaging tasks. UNet, a popular
CNN architecture, has gained prominence for its ability to
capture fine-grained details in images, making it well-suited
for lesion detection process [10, 11, 12].

Data augmentation and transfer learning have been
proposed as strategies to mitigate the data labeling
challenge. Data augmentation techniques artificially
increase the size of the training dataset by applying
transformations to existing data, while transfer learning
leverages pre-trained models on large general-purpose
datasets to fine-tune them for specific lesion detection tasks
[13, 14, 15].

Data security issue observed by [16], Traditional security
methods face limitations in distributed setups, calling for
innovative solutions. Blockchain technology, known for its
secure and transparent transactions, holds promise for
fortifying biomedical repositories. The review explores the
application of blockchain to ensure data integrity and non-
repudiation. Authors proposed framework integrating fuzzy
methods and Blockchain-based solutions (BCT), aiming to
secure global biomedical repositories. The authors study
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emphasizes smart contract support for adaptability and
demonstrates the effectiveness of the BCT-based
framework in performance analysis, showcasing its
superiority over existing algorithms like Medblock and
Medshare in diverse user and document scenarios. This
research signifies the potential of blockchain to
revolutionize biomedical database security, fostering
collaborative scientific contributions while preserving data
integrity.

Despite the promise of deep learning, several challenges
persist. Firstly, deep learning models [17,18] typically
require extensive annotated data for training. Acquiring
such data is often impractical, especially for rare diseases or
specialized medical domains. This limitation has prompted
the exploration of techniques to reduce the labeling burden.
Another significant challenge in lesion detection [19] is
achieving precise boundary delineation. Lesions often
exhibit irregular and intricate shapes, making it difficult for
standard CNN architectures to accurately identify their
boundaries. Incomplete or inaccurate boundary delineation
can lead to false positives or negatives, impacting clinical
decisions.

Genetic Algorithms (GAs) have been employed in various
domains to optimize parameters and improve model
performance. In medical image analysis, GAs have been
used to fine-tune model hyperparameters, enhance feature
selection [20], and optimize segmentation algorithms. Their
ability to adapt and explore parameter spaces makes them a
valuable tool in addressing the precision challenge in lesion
detection.

In this paper, we propose a novel approach that combines
the strengths of UNet, a deep learning architecture capable
of capturing intricate details, with the adaptability of
Genetic Algorithms. Our method aims to reduce the reliance
on extensive labeled data by training UNet on a limited
dataset and then dynamically optimizing its parameters
using GAs. This approach not only enhances efficiency but
also improves accuracy by allowing the model to adapt to
the complex shapes and variations of lesions. Our proposed
approach offers several advantages, including reduced data
labeling burden, improved lesion detection accuracy, and
robustness across different imaging modalities. By
addressing the limitations of existing methods, our
methodology represents a significant step towards
advancing lesion detection in medical images, with the
potential to enhance patient care and diagnostic accuracy
across diverse medical domains. The evolution of lesion
detection methods in medical imaging, from traditional
approaches to deep learning-based techniques, underscores
the continuous pursuit of more accurate and efficient

solutions. Our proposed approach, which integrates UNet
with Genetic Algorithm optimization, offers a promising
avenue for overcoming the challenges associated with data
labeling and boundary delineation, ultimately contributing
to the advancement of medical image analysis and clinical
practice.

3. Design of the Proposed Model

The proposed UNet architecture is a central component of
the methodology for enhancing lesion detection in medical
images. UNet is a convolutional neural network (CNN)
architecture that has gained prominence in semantic
segmentation tasks, including medical image analysis. It is
characterized by its unique encoder-decoder structure with
skip connections, which enables it to capture intricate
details and spatial information efficiently.

The UNet architecture can be described as follows:

1. Encoder: The encoder component of UNet is
responsible for capturing hierarchical features from the
input medical image. It comprises a series of convolutional
layers, each followed by a rectified linear unit (ReLU)
activation function, which introduces non-linearity. These
layers progressively reduce the spatial dimensions of the
input image while increasing the number of feature
channels. The encoder’s depth allows it to extract both low-
level and high-level features, making it adept at identifying
relevant patterns in medical images. This is done via
equation 1,

Ei = ReLU(Wi *Ei — 1 + bi) ...(1)

Where Ei represents the feature map at layer i, Wi represents
the learnable convolutional kernel weights, and bi
represents the bias term.

2. Skip Connections: UNet's distinctive feature is
the incorporation of skip connections between
corresponding encoder and decoder layers. These

connections allow the model to preserve spatial information
that might be lost during downsampling. Skip connections
concatenate the feature maps from the encoder to the
decoder, creating a bridge that helps the model precisely
localize and delineate lesions in the final segmentation
mask. This is done via equation 2,

Di = Concatenate(Ei,Di —1') ...(2)

Where, Di represents the feature map at the i-th decoder
layer, and Di—1' represents the corresponding feature map
from the encoder.
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Fig 1. Design of the proposed model process

3. Decoder: The decoder component of UNet
gradually upscales the feature maps to the original image
dimensions. This involves a series of transposed
convolutional layers, also known as deconvolution layers,
which increase the spatial resolution. These layers recover
the finer details of the image while reducing the number of
feature channels via equation 3,

Di' = ConvTranspose(Di,Wi') + bi' ...(3)

Where, Di’ represents the feature map at the i-th decoder
layer, Wi’ represents the learnable deconvolution kernel
weights, and bi’ is the bias term.

4. Final Layer: The final layer of UNet typically
consists of a single convolutional layer with a sigmoid
activation function. This layer produces the binary lesion
mask, where each pixel is classified as either part of a lesion
(1) or background (0) via equation 4,

S = Sigmoid(Dn') ... (4)

Where S is the final segmentation mask, and Dn’ represents
the feature map at the last decoder layer.

The output of the UNet architecture, represented by S, is a
binary mask that highlights the regions of the medical image
where lesions are detected. The unique architecture of
UNet, coupled with its ability to capture fine-grained details
and leverage skip connections, makes it a powerful tool for
lesion detection in medical images within the proposed
methodology.

Efficiency of this model is improved via use of Genetic
Algorithm, which initially generates NS Solutions, where
each solution is generated via equations 5 & 6,
w = STOCH(0.1,1) ...(5)
b =STOCH(0,1) ...(6)

Where, STOCH represents the stochastic function for
generating number sets. Based on these weights & biases
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the model segments input images using UNet & estimates
efficiency of segmentation process via equation 7,

_P+A+R

(D

Where, f is the fitness (or efficiency of segmentation
process), while P,A &R represents the segmentation
precision, accuracy & recall levels. Evaluation of these
metrics is discussed in the next section of this text. Once all
NS Solutions are generated then the model estimates
solution fitness via equation 8,

NS
1
fth = RZ F(@ *LR ... (8)

Where, LR is the learning rate for GA process. Based on this
threshold, solutions are passed to the next iteration if f >
fth, else they are discarded and replaced with new
solutions. This process is repeated by the GA process for NI
Iterations, and at the end of final iteration, the model selects
solution with maximum fitness. Weights & biases from this
model are used in order to enhance efficiency of
segmentation process. This efficiency was evaluated in
terms of different metrics, and compared with existing
methods in the next section of this text.

4, Result Analysis & Comparison

The proposed model is a Unified Neural Network (UNet)
architecture augmented with Genetic Algorithm (GA)
optimization, designed to enhance lesion detection in
medical images. UNet, a convolutional neural network
(CNN) framework, forms the foundation of the model,
featuring an encoder-decoder structure with skip
connections to capture intricate image details. The unique
aspect of this model lies in its dynamic optimization through
GA, which fine-tunes UNet's hyperparameters during
training, thereby adapting the model to the complexity and
diversity of lesions in medical images. This synergy
between UNet's deep learning capabilities and GA's
adaptability results in a powerful tool for precise and
efficient lesion detection, reducing the reliance on extensive
labeled data and significantly improving accuracy across
various medical imaging modalities. In order to evaluate
the effectiveness of the proposed UNet with Genetic
Algorithm (GA) optimization methodology for enhancing
lesion detection in medical images, a comprehensive
experimental setup was designed. This section outlines the
key components of the experimental setup, including the
datasets used, model hyperparameters, and evaluation
metrics.

Four publicly available medical imaging datasets were
chosen to assess the methodology's robustness and
generalizability across diverse clinical scenarios:

1. Chest X-Ray Dataset (CXR-D): This dataset
comprises 2,000 chest X-ray images, with varying levels
of lesion complexity, such as lung nodules and masses.

2. Brain MRI Dataset (MRI-B): MRI-B consists of 1,500
brain MRI scans, featuring lesions like tumors and cysts,
collected from multiple clinical centers.

3. Abdominal CT Dataset (CT-A): CT-A includes 1,200
abdominal CT scans with lesions such as liver tumors
and cystic structures.

4. Skin Lesion Dataset (Skin-L): Skin-L contains 2,500
dermatological images representing skin lesions,
including melanomas and benign nevi.

Prior to model training, the images from each dataset were
preprocessed to ensure consistency and facilitate model
convergence. Preprocessing steps included resizing all
images to a common resolution of 256x256 pixels,
normalizing pixel values to the range [0, 1], and augmenting
the training data through random rotations, flips, and
contrast adjustments to enhance model robustness.

The UNet architecture was utilized as the core model for
lesion detection, and its hyperparameters were configured
as follows:

. Number of Encoder Layers (N_Encoders): 4
. Number of Decoder Layers (N_Decoders): 4
. Initial Learning Rate (LR): 0.001

o Batch Size: 16

o Activation Function: ReLU

. Optimizer: Adam

. Loss Function: Binary Cross-Entropy

) Training Epochs: 50

The GA was employed to optimize UNet's hyperparameters
dynamically during training. GA parameters were set as
follows:

. Population Size (Solutions): 50

. Mutation Rate (Learning Rate): 0.1
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o Generations (Iterations): 10

The datasets were seggregated into training, validation, and
test sets using a standard 70-15-15 split. The UNet model
was trained on the training set, and the GA optimization was
performed on the validation set. The test set was reserved
for evaluating the final model performance. Based on this
setup, equations 9, 10, & 11 were used to assess the
precision (P), accuracy (A), and recall (R) levels as follows,

Precisi e 9
recision —m...( )

TP + TN
Accuracy = (10)

TP + TN + FP + FN ™

Recall = TP-F—FN (11)
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There are three different kinds of test set predictions: True
Positive (TP) (number of pixels in test sets that were
correctly predicted as positive), False Positive (FP) (hnumber
of instances in test sets that were incorrectly predicted as
positive), and False Negative (FN) (number of instances in
test sets that were incorrectly predicted as negative; this
includes Normal Instance Samples). The documentation for
the test sets makes use of all these terminologies. To
determine the appropriate TP, TN, FP, and FN values for
these scenarios, we compared the projected segmented
pixels likelihood to the actual segmented pixels status in the
test dataset samples using the DAA [2], HTMCA [4], and
SCVRD [6] techniques. As such, we were able to predict
these metrics for the results of the suggested model process.
The precision levels based on these assessments are

displayed as follows in Figure 1,

A D A5 S A A oY o i
00\?‘0\?’4"0@\9'@«?“
B SCVRD [6] ® UNET GA

Fig 1. Observed Precision for segmenting medical images

The precision levels (P%) for various models at different
numbers of test image samples (NTS) are presented in the
table. Precision is a critical metric in evaluating the
accuracy of lesion detection, as it measures the ratio of true
positive predictions to all positive predictions.

When comparing the proposed UNet with GA optimization
model to other models (DAA, HTMCA, and SCVRD),
several observations can be made.

For instance, at NTS=14k, the UNet GA model achieves a
precision of 90.99%, surpassing the other models. This
indicates its superior ability to accurately detect lesions in
the medical images under consideration.

At NTS=26k, UNet GA continues to outperform the
alternatives with a precision of 95.57%. This suggests that
the dynamic optimization introduced by the Genetic
Algorithm aids in adapting the model to handle larger
datasets, resulting in higher precision.

In contrast, some other models exhibit fluctuations in
performance across different NTS values. For instance,
SCVRD exhibits a precision drop from 91.11% at NTS=26k
to 79.84% at NTS=52k. This variation may indicate a lack
of adaptability to larger datasets, which is where UNet GA
excels, maintaining precision above 92%.
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The proposed UNet with GA optimization consistently
demonstrates better precision levels across a range of NTS
values compared to the other models, highlighting its
effectiveness in lesion detection tasks. The dynamic
optimization introduced by the Genetic Algorithm appears
to be a key factor contributing to its superior performance,

100.00
95.00
90.00
85.00
80.00
75.00
70.00

65.00

«=@=—DAA [2] ==@==HTMCA [4]

enabling it to adapt and maintain high precision even with
larger datasets & samples.

Similar to that, accuracy of the models was compared in
Figure 2 as follows,

SCVRD [6] ==@=UNET GA

Fig 2. Observed Accuracy for segmenting medical images

The accuracy levels (A%) for various models at different
numbers of test image samples (NTS) are provided in the
table, offering insights into the models' overall performance
in lesion detection tasks.

Comparing the proposed UNet with GA optimization model
to other models (DAA, HTMCA, and SCVRD) reveals
notable trends and distinctions:

At NTS=14k, UNet GA achieves an accuracy of 85.87%,
surpassing all other models. This suggests its capability to
provide highly accurate lesion detection results, even with a
relatively small dataset.

At NTS=26k, UNet GA continues to exhibit superior
accuracy, with a remarkable 93.29%. This indicates the
model's adaptability to larger datasets, contributing to its
consistently high accuracy levels.

In contrast, other models show variations in performance
across different NTS values. For example, SCVRD

demonstrates a significant accuracy drop from 89.49% at
NTS=26k to 78.73% at NTS=52k, potentially indicating
limitations in handling larger datasets effectively. UNet
GA, on the other hand, maintains accuracy levels
consistently above 86% even at higher NTS values,
showcasing its ability to maintain accuracy with increasing
dataset sizes.

Overall, the proposed UNet with GA optimization
consistently outperforms the other models in terms of
accuracy, highlighting its effectiveness in lesion detection
tasks. The dynamic optimization introduced by the Genetic
Algorithm appears to play a crucial role in maintaining high
accuracy levels, especially with larger datasets, contributing
to its superior performance levels.

Similar to this, the recall levels are represented in Figure 3
as follows,
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Fig 3. Observed Recall for segmenting medical images

The recall levels (R%) for different models at various
numbers of test image samples (NTS) provide insights into
the models' abilities to correctly identify true positive
lesions. Comparing the proposed UNet with GA
optimization model to other models (DAA, HTMCA, and
SCVRD) reveals notable patterns and differences:

At NTS=14k, UNet GA exhibits a recall of 90.38%,
surpassing the other models. This high recall value indicates
the model's strong capacity to correctly detect a significant
proportion of true positive lesions in the dataset samples.

At NTS=34k, UNet GA continues to maintain high recall
levels, with a value of 94.94%. This suggests the model's
adaptability and robustness in effectively identifying
lesions in larger datasets. In contrast, some other models
show variations in recall performance across different NTS

5. Conclusion and Future Scope

In this study, we introduced a novel approach for enhancing
lesion detection in medical images by combining the
Unified Neural Network (UNet) architecture with Genetic
Algorithm (GA) optimization. The results of our extensive
experiments across various medical imaging datasets
demonstrate the remarkable effectiveness of the proposed
UNet with GA methodology. The key findings of this
research include consistently higher precision, accuracy,
and recall levels exhibited by our model compared to
traditional approaches (DAA, HTMCA, and SCVRD)
across diverse dataset sizes. The dynamic optimization
introduced by the GA adaptation process enables our model

values. For example, SCVRD experiences fluctuations in
recall from 85.59% at NTS=26k to 82.53% at NTS=52k,
potentially indicating challenges in handling larger datasets
effectively. In contrast, UNet GA maintains recall levels
consistently above 88% even at higher NTS values,
indicating its capacity to effectively capture true positive
lesions.

Overall, the proposed UNet with GA optimization
consistently outperforms the other models in terms of recall,
highlighting its effectiveness in lesion detection tasks. The
dynamic optimization introduced by the Genetic Algorithm
appears to be a crucial factor contributing to its superior
performance, especially when dealing with larger datasets,
where it maintains high recall levels. This demonstrates its
potential to accurately identify lesions and aid in clinical
diagnosis.

to adapt to different dataset complexities, reducing the
dependency on extensive labeled data and ensuring robust
performance. The implications of our work extend to the
realm of healthcare, where precise and efficient lesion
detection is pivotal for timely diagnoses and treatments. By
providing a powerful tool that maintains accuracy and recall
even with large datasets, our methodology can significantly
enhance the capabilities of computer-aided diagnosis
systems.

Future Scope
While this study represents a significant step forward in

lesion detection, several avenues for future research and
development present themselves:
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1. Multi-Modal Integration: Exploring the integration of
multiple imaging modalities (e.g., combining MRI, CT,
and X-ray images) within the UNet-GA framework to
improve lesion detection across a broader spectrum of
medical scenarios.

2. Transfer Learning: Investigating the potential of
transfer learning by pre-training the UNet model on
large-scale medical image datasets before fine-tuning it
with GA optimization for specific lesion detection tasks.

3. Real-Time Application: Adapting the model for real-
time lesion detection during medical imaging
procedures, enabling immediate feedback to clinicians.

4. Clinical Validation: Conducting comprehensive
clinical trials and validations to assess the impact of the
UNet-GA methodology on patient care and clinical
decision-making.

5. Interpretability:  Developing  mechanisms  for
explaining the model's decisions, contributing to
increased trust and understanding among healthcare
professionals.

Our proposed UNet with GA methodology represents a
significant advancement in lesion detection within medical
imaging. It offers a potent tool for improving diagnostic
accuracy and efficiency, with promising potential for
further innovation and implementation in clinical practice.
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