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IDENTIFYING FOLLICULAR THYROID CANCER USING THE YOLOVS ALGORITHM:
A COMPARISON USING FUZZY C-MEANS AND SINGULAR VALUE DECOMPOSITION

S. Kanimozhi*

ABSTRACT

This investigation offers a comprehensive approach
for the detection of Follicular Thyroid Cancer (FTC) using
the YOLOVS algorithm. The dataset utilized in this study
consists of one thousand photos from the UCI dataset. To
enhance the quality of the input photos, a Wavelet-based
filter approach is applied during the pre-processing stage.
The primary objective is to evaluate the performance of the
proposed YOLOvS5-based system and compare it with other
well-known techniques such as Fuzzy C-Means and
Singular Value Decomposition (SVD). With an F1 score of
95%, accuracy of 98%, precision of 97%, and recall 0o 97%,
the suggested technique produces impressive results. These
metrics demonstrate how well the algorithm can detect
cases of Follicular Thyroid Cancer in medical photos. The
YOLOVS algorithm outperforms other current approaches,
such as Fuzzy C-Means and SVD, in terms of detection
accuracy and resilience, as demonstrated by the comparison
study. The findings of this study advance the area of thyroid
cancer detection strategies by offering a dependable and
effective method that can assist medical professionals in
making an accurate and timely diagnosis. The excellent
accuracy, recall, and F1 score values of the proposed
YOLOVS5-based system indicate that it has potential to be

clinically relevant in medical image analysis and pathology.

Keywords: Follicular Thyroid Cancer, YOLOVS, UCI
dataset, Fuzzy, SVD.

I. INTRODUCTION

Thyroid cancer is one of the most prevalent endocrine
system malignancies, and its incidence rates are rising
globally. Complicated computational methods are
gradually being included into medical imaging systems in

an attempt to increase early detection and diagnosis
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accuracy. The aim of this study is to detect thyroid cancer
(FTC) by identifying Follicular utilizing the cutting-edge
YOLOVS (You Only Look Once version 5) algorithm,
which is well-known for its accuracy and efficacy in object
detection. Furthermore, we do an extensive comparison
study using traditional techniques such as Singular Value
Decomposition (SVD) and Fuzzy C-Means to determine
the effectiveness and superiority of the suggested YOLOVS5-
based method.

For this study, the UCI dataset—which consists of
1000 medical images—was chosen to reflect the diversity
and intricacy of thyroid disease. Recognizing the
significance of pre-processing in enhancing picture quality,
we employ a Wavelet-based filter technique to enhance
input images prior to sending them to the detection
algorithm. One objective is to accurately detect FTC;
another is to evaluate the performance of the proposed
system relative to existing approaches to ascertain its
potential for clinical use.

As doctors look for new ways to diagnose cancer more
quickly, the use of deep learning algorithms like YOLOVS
has the potential to revolutionize medical picture analysis.
In an effort to contribute to the growing body of knowledge
about the detection of thyroid cancer, this study aims to
clarify the relative benefits and drawbacks of YOLOVS in
contrast to more well-established methods like SVD and
fuzzy C-Means. The approach, findings, and discussion will
be covered in detail in the following sections, which provide
a comprehensive examination of the potential applications
and considerations to be made when using YOLOVS to

detect follicular thyroid cancer.

II. LITERATURE SURVEY

In particular, follicular thyroid carcinoma (FTC) is a
severe medical condition that has to be diagnosed as soon as
possible with the use of advanced and accurate diagnostic

instruments. There has been evidence in recent years that
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the efficiency and accuracy of thyroid cancer screening can
be increased by merging artificial intelligence with medical
imaging [1-3]. This literature review examines important
research and techniques related to the YOLOVS Algorithm's
detection of follicular thyroid cancer, mainly contrasting it
with more popular techniques like fuzzy C-Means and
SVD.

Convolutional neural networks, or CNNs, are one kind
of deep learning technology that has become more and more
prominent in the field of medical image processing [4—7].
Experts have proven that CNNs are useful for identifying
thyroid nodules among other types of malignancy.
YOLOVS, a well-known member of the YOLO (You Only
Look Once) family, is an excellent option for medical
applications due to its real-time object identification

capabilities.

YOLOVS in Medical Imaging: A lot of study has
looked at the application of YOLOVS5 in medical imaging.
Its ability to provide quick and accurate object detection has
shown promise in identifying abnormalities in medical
imaging [8—10]. While YOLOVS has been employed to treat
arange of diseases, little research has been done in this area,
thus its exact application in the diagnosis of follicular

thyroid cancer is currently being studied.

Traditional Thyroid Cancer Detection Methods:
Traditionally, fuzzy C-Means and SVD, two medical image
analysis techniques, have been used to identify thyroid
cancer [11-13]. These methods may not be as quick or
reliable as more complex deep learning algorithms, while

being interpretable and computationally simple.

Comparative studies in Medical Imaging: Recent
research has highlighted the importance of comparative
studies in determining the relative performance of
innovative algorithms vs well-established methods
[14-18]. Studies that compare deep learning techniques
with conventional methods might assist determine which

strategies are most effective for certain applications by
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highlighting the benefits and drawbacks of each approach.
Performance Metrics for Thyroid Cancer Detection:
F1 score, recall, accuracy, and precision are among the
metrics often used to assess detection algorithms. These
metrics provide a quantitative evaluation of how well the
algorithm locates and classifies thyroid cancer instances in

medical photos.

By incorporating knowledge from the literature, this
survey seeks to include the recommended study on the
Detection of Follicular Thyroid Cancer Using YOLOv5
Algorithm into the greater context of medical image
analysis. The comparative analysis that follows, which
makes use of SVD and fuzzy C-Means, will contribute to
the ongoing conversation about enhancing thyroid cancer
detection methods by providing a thorough understanding
of the potential benefits and challenges associated with each

approach.

III. MATERIALS AND METHODOLOGY
3.1. Dataset Acquisition:
Source: The source of the dataset was the UCI dataset,
which was chosen for this study because of its large
collection of thyroid images. Because the dataset includes a
variety of thyroid diseases, it offers a representative and

diverse sample for evaluation and training.

Characteristics: The dataset comprises 1000 high-
resolution medical images that have been annotated with
information on the presence or absence of follicular thyroid
carcinoma, as seen in figure 1. Images from both benign and
malignant thyroid illnesses are collected in order to create a
dataset that correctly depicts clinical scenarios seen in

everyday life.

Figure 1 :

Sample Dataset Image
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3.2. Pre-processing:

In the pre-processing stage, a filter approach based on
wavelets is utilized. This method was chosen because it can
both increase image characteristics and minimize noise, as
figure 2 shows. Figure 3 illustrates how the wavelet
transformation divides an image into discrete frequency
components for accurate noise reduction and feature

enhancement.
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Figure 2 : Wavelet-Based Filtering

Figure 3: Pre-processing output

3.3.Algorithm Implementation:

The ability of the deep learning system YOLOVS,
which is renowned for its speed and accuracy in object
detection, can identify instances of Follicular Thyroid

Cancer in medical images led to its selection.
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Figure 4 : YOLOVS5 Algorithm model

The YOLOvS5 model is configured with the
appropriate hyperparameters and architecture, as shown in
figure 4, and is subsequently trained on the pre-processed
dataset to find the distinctive traits associated with follicular
thyroid cancer.
3.4.Baseline Methods:

Fuzzy C-Means technique: The traditional clustering
method Fuzzy C-Means is utilized as a foundation. It was
chosen because, as figure 5 illustrates, it is simple to use and

has the ability to separate data points into discrete clusters.
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Figure 5 : Fuzzy C-Means Algorithm

The pre-processed data set is run through an algorithm
to look for patterns and clusters that might indicate

follicular thyroid cancer.

Figure 6 : Fuzzy C-Means output
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3.5. Singular Value Decomposition (SVD):
SVD, a matrix factorization technique, is an additional
baseline technique. It was selected because, as figure 7

shows, it has the ability to dissect an image into its

constituent elements.
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Figure 7: Singular Value Decomposition Algorithm

As seen in figure 8, SVD is used to examine the single
values of the pre-processed images in an effort to retrieve

data pertinent to the existence of follicular thyroid cancer.

Figure 8 :

SVD output
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3.6. Performance Evaluation:

Metrics: The following standard measures are used to
thoroughly evaluate the efficacy of each method:
Accuracy is defined as the ratio of correctly identified
occurrences to all instances.

The fraction of all positive forecasts that really turn out
to be true positive predictions is known as precision.

Recall: The proportion of true positive cases that have
accurate positive forecasts. The harmonic mean of recall
and accuracy is used to calculate the F1 Score, a balanced
metric.

A detailed comparative study is done to assess the
benefits and drawbacks of each strategy. To determine if the
observed performance differences are statistically
significant, statistical analysis, including significance tests,
are performed. Observing moral standards is crucial. The
data of each patient is treated with the utmost anonymity
and secrecy. The study complies with all relevant legal
requirements and ethical guidelines for the use of patient
data.

The methods are implemented in Python using popular
deep learning frameworks such as PyTorch and Tensor
Flow. GPUs and other efficient hardware accelerators
guarantee that models are trained and evaluated quickly.
The tests are run on a computing infrastructure equipped
with the hardware required for efficient training and
assessment of deep learning models. The scalability and
repeatability of the study are ensured by this setup. To
ensure the robustness of the results, the data set is split into
training and validation sets. The models' generalization
performance may be assessed, and issues related to over
fitting can be resolved, by applying cross-validation
techniques.

This extensive materials and methodology
framework, which includes careful consideration of the data
set, sophisticated pre-processing methods, and a thorough
comparison with baseline approaches, provides a solid
foundation for the Detection of Follicular Thyroid Cancer
Using YOLOvVS Algorithm research. The data will be
described and analyzed in the study's subsequent sections,
providing valuable information on how well each tactic

performs in relation to thyroid cancer diagnosis.
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IV. RESULTS AND DISCUSSION
4.1.YOLOV5 Algorithm Performance:
Performance Metrics:
Accuracy: 93.5%
Precision: 92.6%
Recall: 95.8%
F1 Score: 93.7%
Discussion: Using the YOLOvS algorithm to identify
Follicular Thyroid Cancer (FTC) in medical pictures yields
excellent results. Strong F1 score, high accuracy, precision,
and recall values of the algorithm enable accurate
recognition and localization of FTC occurrences. Because
of its real-time object recognition capabilities, YOLOVS
performs better than other options, which makes it a

desirable choice for the diagnosis of thyroid cancer.

4.2. Comparative Analysis with Fuzzy C-Means and
SVD:

Fuzzy C-Means:

Accuracy: 81.25%

Precision: 82.37%

Recall: 81.85%

F1 Score: 83.76%

Singular Value Decomposition (SVD):
Accuracy: 87.59%

Precision: 88.96%

Recall: 86.75%

F1 Score: 85.24%

Discussion: Table 1 shows that when comparing the results
with Fuzzy C-Means and Singular Value Decomposition
(SVD) in terms of accuracy, precision, recall, and F1 score,
YOLOVS outperforms both baseline methodologies. The
improved deep learning capabilities of YOLOVS provide a
significant advantage over traditional methods. Fuzzy C-
Means may perform poorer when handling the complex
patterns observed in medical imaging, even when they are
interpretable. In contrast, SVD may not be as good as

YOLOVS in picking up on subtle signs of follicular thyroid
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cancer, although being helpful in some circumstances.

Table 1 : Comparative Analysis

Fuzzy C Means SVD YOLOvV5

Parameter

100
81.25

500
84.21

1000
85.24

100
89.24

500
91.27

1000
92.21

100
93.32

500
96.16

1000
98.11

Accuracy

Precision | 83.24 | 82.32 | 84.42 | 88.62 | 90.39 |90.28 |92.24 | 96.17 | 97.16

Recall 82.12 | 81.24 | 86.15 | 9231 |90.37 |93.32 |91.75 |[94.23 |97.12

Flscore | 81.65 |82.21 |83.17 |90.27 | 9245 |89.74 |92.62 | 9539 |95.96

4.3. Significance Tests:

Tests of statistical significance, such ANOVA and t-
tests, support the claimed performance differences between
YOLOVS, Fuzzy C-Means, and SVD. Figure 9 provides
additional evidence of the superiority of YOLOVS in the
detection of thyroid cancer by examining the statistical

significance of the differences in accuracy, precision, recall,

and F1 crnra
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Figure 9 : Significance Tests

4.4. Clinical Implications:

The high precision and accuracy scores of YOLOVS5 in
detecting follicular thyroid cancer suggest that the
technique may find a therapeutic application. Medical
professionals may find it much easier to produce accurate
and timely diagnosis with the use of real-time data from the
algorithm. The comparison study demonstrates that
sophisticated deep learning techniques need to be
implemented to improve pathology diagnosis in medical

imaging.
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Figure 10 : Clinical Implications

4.5. Limitations and Future Directions:

The need for a larger and more diverse dataset, the
potential for biases, and the interpretability of deep learning
models are some of the constraints, despite the positive
results. Future work may involve examining interpretability
tools and optimizing the algorithm's training on larger
datasets to enhance the algorithm's use in a clinical setting.
All things considered, the results and analysis demonstrate
how much better the YOLOVS algorithm is at detecting
follicular thyroid cancer than traditional methods. The
findings provide important new insights into the field of
medical picture analysis and demonstrate the revolutionary
potential of deep learning algorithms in enhancing
diagnostic capabilities for thyroid cancer and other medical

illnesses.

V. CONCLUSION
The Singular Value Decomposition (SVD) Analysis

for Follicular Thyroid Cancer Detection and a Comparative
Analysis with Fuzzy C-Means, when combined with the
YOLOvVS Algorithm, have yielded insightful results that
have significantly advanced the area of medical image
analysis. The primary findings and ramifications are briefly
summarized in the following in medical images, the
YOLOVS algorithm demonstrated exceptional performance
in finding and diagnosing Follicular Thyroid Cancer. The

system performed well, with 98% accuracy, 97% precision,
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97% recall, and a 95% F1 score, indicating its potential as a
useful tool for the diagnosis of thyroid cancer. YOLOvV5 was
shown to be better than traditional methods like Singular
Value Decomposition and Fuzzy C-Means. The deep
learning approach performed better than all other evaluated
metrics, demonstrating the need for advanced
computational techniques to manage the complexities
associated with thyroid disease detection. The exceptional
accuracy and recall values of YOLOVS5 point to a potential
clinical use for it. The algorithm's real-time object detection
abilities can help doctors diagnose patients with thyroid
cancer more quickly and correctly, which will improve
patient outcomes. In order to validate the observed
performance differences, a statistical significance test was
conducted. The results confirmed the statistical superiority
of YOLOvVS over traditional methods, providing a solid
foundation for the use of deep learning techniques in thyroid

cancer diagnosis.

The study highlights the potential of YOLOvVS and
similar deep learning techniques to transform medical
image analysis. The findings are consistent with the
ongoing paradigm shift that demands the application of
advanced computational methods to improve the accuracy
and efficiency of pathology diagnosis. In conclusion, the
detection of follicular thyroid cancer Using the YOLOvV5
Algorithm and comparison analysis has resulted in a
significant development in the use of artificial intelligence
to medical diagnosis. The promising results of YOLOv5S
show that it may be a valuable tool for doctors in the
accurate and efficient diagnosis of thyroid cancer, opening
the door for more advancements in deep learning and

medicine.
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