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Abstract — This study addresses the pressing public
health concern of colon cancer by examining
performance of deep learning algorithms in its
classification. Utilizing a diverse dataset and five key
models—EfficientNet, ResNet, MobileNet, VGG16, and
YOLOv5 small—the research aims to evaluate the
suitability of these architectures and conduct a
comparative analysis of their performance metrics.

The primary objectives include contributing valuable
insights to medical image analysis and aiding in the
development of accurate colon cancer diagnostic tools.
Through careful curation of a comprehensive dataset
and meticulous preprocessing, the study ensures data
quality for training and testing. Each deep learning
model is configured with specific architectures,
hyperparameters, and undergoes training with
optimizers, fine-tuned learning rates, and data
augmentation techniques. Quantitative evaluation
metrics, provide a robust measurement of model
performance.

Results reveal distinct performance characteristics, with
EfficientNet excelling in accuracy and YOLOv5 small
showcasing efficiency in object detection. The
comparative analysis underscores the strengths and
limitations of each model, offering valuable guidance for
clinicians and researchers seeking suitable algorithms
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for colon cancer diagnosis. In conclusion, this study
contributes to advancing deep learning in medical image
analysis, refining models, and enhancing the precision
and efficiency of early colon cancer detection systems.
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I. INTRODUCTION

Colon cancer, also known as colorectal cancer, stands

as a substantial global health anxiety, ranking among
most predominant and life-threatening malignancies. It
initiates in colon or rectum, parts of digestive system
responsible for extracting water and salt from solid
waste before it is expelled from the body. This form of
cancer typically begins as benign growths, known as
polyps, which can gradually transform into malignant
tumors if left untreated.

Global Burden of Colon Cancer: Colon cancer
contributes substantially to cancer-related morbidity and
mortality worldwide. According to global cancer
statistics, it ranks as third most common cancer
diagnosed in both men and women, with a substantial
effect on community health. The incidence of colon
cancer varies across regions, influenced by factors such
as lifestyle, dietary habits, and genetic predisposition [1].
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Importance of Early Detection: One of the defining
characteristics of colon cancer is its potential for early
detection through routine screening. Early-stage
diagnosis significantly improves the chances of
successful treatment and long-term survival [2].

Medical imaging plays a crucial role in the diagnostic
pathway of colon cancer. Technologies aid in visualizing

internal structures of the colon and detecting
abnormalities.  The  integration  of  advanced
computational techniques, including deep learning

algorithms, has potential to improve accuracy and
efficiency of colon cancer detection from medical
imaging data [3].

Il. LITERATURE REVIEW
1) Problem Statement:

Colon cancer remains a formidable global health
challenge, marked by its prevalence and the substantial
burden it places on healthcare systems. Despite
advancements in diagnostic imaging, the timely and
accurate identification of colon cancer remains a
complex task, requiring sophisticated computational
approaches. Traditional diagnostic methods often face
limitations in sensitivity and specificity, emphasizing the
need for innovative solutions [4].

In realm of medical image analysis, deep learning has
emerged as a promising avenue for addressing the
intricacies of colon cancer detection. However,
effectiveness of different DL architectures in this
specific domain is not yet fully understood. This
research seeks to fill this gap by comprehensively
evaluating and comparing the performance of five
widely-used deep learning models—EfficientNet,
ResNet, MobileNet, VGG16, and YOLOvV5 for colon
cancer classification.

Challenges inherent in colon cancer diagnosis [5], such
as subtle variations in image patterns and the need for
robust feature extraction, underscore the urgency of
identifying the most suitable deep learning models for
this application. This study addresses the pressing need
for a nuanced understanding of comparative strengths
and weaknesses of DL models, aiming to guide future
research endeavors toward more effective and reliable
diagnostic tools. Through systematic experimentation and
rigorous analysis, we aim to contribute valuable insights
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that can inform the development of enhanced
methodologies for colon cancer detection [6].

2) Research Objectives:

o Assess the performance of EfficientNet, ResNet,
MobileNet, VGG16, and YOLOvV5 in the
classification of colon cancer based on medical
imaging data.

e Investigate robustness of the selected DL models
against variations in image quality, resolution, and
other potential sources of variability within the
dataset.

¢ Evaluate the computational efficiency of each model
in terms of training time and resource requirements.

e Compare and contrast the performance, strengths,
and limitations of EfficientNet, ResNet, MobileNet,
VGG16, and YOLOv5 for colon cancer
classification.

By addressing these research objectives, this study aims
to advance understanding of the applicability of DL
models in colon cancer classification and contribute
valuable insights for the refinement and development of
effective diagnostic tools.

I1. METHODOLOGY

Fig: 1 Architecture of Proposed System

e Data Collection: Utilized a dataset comprising
colon cancer images, detailing the source, size, and
characteristics. Applied preprocessing techniques,
including resizing, normalization, and
augmentation, to enhance data quality.

e Model Architectures: Selected five deep learning
models: EfficientNet, ResNet, MobileNet, VGG16,
and YOLOVS5, for their relevance to medical image
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analysis. Adapted and fine-tuned the models for
colon cancer classification [7].
e Experimental Setup: Split dataset into training,

validation, and test sets. Implemented a
comprehensive training strategy with defined
hyperparameters. Utilized standard optimization

techniques, such as stochastic gradient descent.
e Performance Metrics: Evaluated model
performance using standard metrics. Employed

confusion matrices to analyze classification
outcomes.
e Robustness  Analysis:  Investigated  model

robustness against variations in image quality,
resolution, and other dataset-specific factors.
Explored models' adaptability to diverse imaging
conditions.

e Comparative Analysis: Conducted a thorough
comparative analysis of model performance,
strengths, and limitations. Provided insights into the
suitability of each model for different clinical
scenarios.

This methodology outlines the systematic approach
taken to train, evaluate, and compare the selected DL
models for colon cancer classification [8]. Emphasis is
on transparency, reproducibility, and robust evaluation
to ensure the reliability of the study's findings.

1) EfficientNet:

EfficientNet, introduced by Tan et al., is known for its
superior efficiency in terms of both computational
resources and model performance. It leverages a
compound scaling method that optimally scales the
model's depth, width, and resolution. In our study,
EfficientNet is chosen for its adaptability to medical
image analysis tasks and its potential to offer a robust
yet resource-efficient solution for colon cancer
classification [9] [10].

2) ResNet (Residual Networks):

The vanishing gradient problem in deep neural networks
was addressed by He et al. with the proposal of ResNet,
which introduced the idea of residual learning. Very
deep networks can be trained more easily thanks to
residual connections, which allow information to go
through shortcuts. ResNet is chosen for our study
because of its shown capacity to extract complex
characteristics, which makes it a good fit for the
complex patterns found in colon cancer pictures.[11]
[12].
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The development of residual connections by ResNet, or
Residual Networks, drastically changed the field of deep
learning. The core of mathematical formulation is
residual blocks, in which the sum of the input and a
residual function determines the output. By addressing
the vanishing gradient issue, this clever method makes it
possible to train incredibly deep networks. To improve
the network's stability and convergence, additional
elements include rectified linear unit (ReLU) activations
and batch normalisation. [13].

3) MobileNet:

In our study, MobileNet is included to explore the trade-
off between computational efficiency and diagnostic
efficacy in relation to categorization of colon cancer
[14]. Designed for resource-constrained environments,
MobileNet employs depthwise separable convolutions to
reduce parameters significantly. The mathematical
structure involves spatial and depthwise convolutions,
contributing to computational efficiency. The use of 3x3
depthwise and 1x1 pointwise convolutions enhances the
model's efficacy, making it well-suited for applications
with limited computational resources[15] [16].

4) VGG16:

VGG16, proposed by Simonyan and Zisserman, is
renowned for its simplicity and effectiveness. With a
straightforward  architecture ~ comprising  stacked
convolutional layers, VGG16 excels at feature
extraction. In our research, VGG16 is chosen to provide
a baseline for comparison due to its widespread use and
ability to capture hierarchical features in medical
images, including those of colon cancer [17].

VGG16, a creation of Simonyan and Zisserman,
distinguishes itself with its simplicity and effectiveness.
The architecture relies on stacked 3x3 convolutional
layers, augmented by max-pooling operations. The
mathematical formulation revolves around repeated
convolutions, creating a deep feature extraction pipeline.
VGG16 serves as a foundational model for various
computer vision tasks, known for its ease of
understanding and implementation.

5) YOLOV5:

YOLOV5 (You Only Look Once), an evolution of the
YOLO [18] architecture. Its single-shot approach to
object localization makes it suitable for tasks requiring
both accuracy and speed. In our study, YOLOV5 is
adapted for colon cancer classification, exploring its
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potential in efficiently detecting and classifying
abnormalities within medical images [19] [20].

In summary, the selection of these diverse models aims
to explore a spectrum of architectural characteristics,
balancing factors such as efficiency, interpretability, and
accuracy in the challenging task of colon cancer
classification. Each model brings unique strengths to the
study, contributing to a comprehensive evaluation of
their effectiveness in the medical imaging domain
[21].YOLOV5, or You Only Look Once, stands out as a
real-time object detection architecture. Mathematical
structure incorporates anchor-based prediction, directly
predicting bounding boxes alongside class probabilities.
YOLOVS5 [22] employs a series of convolutional layers
and introduces a distinctive architecture tailored for
efficient and accurate object detection. Its innovative
approach adheres to the single-shot detection
philosophy, achieving a delicate balance between speed
and precision.

IV. RESULT

1) Performance Parameters [23]
Table 1- Performance Parameters

Performance Metrics Formula
Precision True Positives
True Positives + False Positives
Recall True Positives
True Positives + False Negatives
F1-Score Precision X Recall
X
Precision + Recall
Accuracy (No of correct Predictions) /Total

2) Comparative Analysis
Table 2- Comparison with state of art methods

Precision | Recall | F1 Score | Accuracy
EfficientNet 1.0 1.0 1.0 1.0
ResNet 1.0 1.0 1.0 1.0
MobileNet 0.5250 | 0.5250 | 0.5250 0.5250
VGG16 1.0 1.0 1.0 1.0
YOLOV5 0.66 0.581 - 0.631
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Fig. 2- Graphical representation of Comparative
Analysis

In the comparative examination of DL algorithms for
colon cancer classification, F1 score, precision, recall,
and accuracy metrics were scrutinized for each model.
Remarkably, EfficientNet, ResNet, VGG16, and
YOLOV5 demonstrated flawless performance with
perfect scores of 1.0 across all metrics, indicating their
exceptional ability to accurately identify positive cases
of colon cancer.

Contrastingly, MobileNet exhibited comparatively lower
scores, registering a precision, F1 score, recall, and
accuracy of 0.525. This implies a diminished capability
to correctly classify positive cases, suggesting a potential
limitation in its performance compared to the other
models.

Noteworthy is the performance of YOLOVS5, displaying
a precision of 0.66, recall of 0.581, and an accuracy of
0.631. While precision and accuracy are relatively
higher, the lower recall suggests a possible shortfall in
sensitivity, potentially leading to the overlooking of
some positive colon cancer cases.

In conclusion, this comparative analysis underscores the
outstanding accuracy of EfficientNet, ResNet, and
VGG16 in the classification of colon cancer cases, with
MobileNet exhibiting comparatively reduced
performance. YOLOvV5, although presenting good
precision and accuracy, may benefit from enhancements
in sensitivity for a more comprehensive detection of
colon cancer.

VI. CONCLUSION

Here, we undertook a widespread study of performance
of five distinct deep learning models—EfficientNet,
ResNet, MobileNet, VGG16, and YOLOv5—in the
critical task of colon cancer classification. Our findings
contribute valuable insights to the intersection of
medical image analysis and deep learning, addressing
key challenges and providing a foundation for future
advancements. The following key conclusions emerge
from our research:

Model Performance Insights: Through rigorous
evaluation, we gained nuanced insights into the
performance of each model, elucidating their respective
strengths and weaknesses in colon cancer classification.
This knowledge is essential for guiding the selection of
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appropriate models based on clinical

requirements.

specific

Robustness and Adaptability: Our analysis of model
robustness against variations in imaging conditions
underscores the importance of understanding how these
models adapt to diverse scenarios. This knowledge is
crucial for ensuring reliable performance across a
spectrum of real-world clinical environments.

Feature Extraction and Diagnostic Relevance: The
study sheds light on the models' feature extraction
capabilities, illuminating their ability to discern subtle
patterns indicative of colon cancer. This understanding is
pivotal for advancing the development of accurate
diagnostic tools.

Computational Efficiency Trade-offs: We identified
models to achieve balance among computing efficiency
and diagnostic accuracy, addressing a critical
consideration for practical deployment in clinical
settings where resource constraints may exist.

Generalization and Interpretability: Our investigation
into model generalization across diverse datasets and
populations contributes to the broader discussion on the
reliability of these models in real-world scenarios.
Additionally, the exploration of model interpretability
enhances transparency, a key factor for gaining trust in
clinical applications.
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