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Abstract

The thyroid gland, often referred to as the butterfly gland due to its shape, is located in
the neck and plays a crucial role in regulating metabolism. It is susceptible to various health
conditions, including hypothyroidism, hyperthyroidism, thyroid cancer, and thyroid nodules.
Early detection of these conditions is essential for accurate diagnosis and effective treatment.
Detecting thyroid nodules using machine learning and deep learning techniques presents a
challenging yet promising research avenue. The choice of model depends on the characteristics
of the patient's thyroid data, the dataset size, and the available computational resources. Hybrid
models can be employed to handle complex data more effectively. In this study, a sequential
Convolutional Neural Network (CNN) model was developed due to its capability to automate
feature extraction and focus on Regions-of-Interest (ROISs) for detecting thyroid abnormalities.
The proposed model achieved an accuracy of 81.5%, with a precision of 97.4% and a sensitivity
of 83.1%, indicating its robustness in classifying images as benign or malignant. The confusion
matrix provided further performance insights. Data segmentation was enhanced using K-means
clustering for its scalability and efficiency in processing large medical image datasets.

Compared to traditional models, the proposed hybrid approach demonstrated a significant
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improvement in diagnostic accuracy and precision, achieving performance gains of
approximately 15-20% over baseline methods. These advancements underscore the potential
of integrating machine learning and deep learning in medical diagnostics, paving the way for

more reliable and efficient diagnostic tools for healthcare professionals.

Keywords: Thyroid Detection, Convolutional Neural Networks (CNN), K-Means, Hybrid,

Data Segmentation, Data Augmentation

1. Introduction

The thyroid gland, shaped like a butterfly and located in the neck, is an endocrine gland
that regulates metabolism by producing hormones. It controls body temperature, energy
production, iodine uptake, and calcium levels in bones. Key hormones, Thyroxine (T4) and
Triiodothyronine (T3), manage metabolic processes, convert food into energy, and influence
weight. The thyroid also affects women's menstrual cycles, and imbalances can lead to fertility
issues, depression, and other mental health problems.

The gland is prone to disorders such as hypothyroidism, hyperthyroidism, and thyroid
cancer, detectable through ultrasounds, blood tests, MRI, and CT scans. Symptoms include
fatigue, weight changes, heart rate fluctuations, mood swings, and muscle weakness. Thyroid
disorders are more common in women and can lead to serious complications if untreated. Early
detection and treatment are crucial to prevent these issues and reduce the economic burden of

advanced treatment.

This study explores the potential of Artificial Intelligence (Al) in early thyroid disorder
detection using deep learning techniques [1]. Specifically, it compares the efficacy of these
methods against traditional machine learning algorithms by analysing ultrasound images. A
sequential Convolutional Neural Network (CNN) model is developed to distinguish between
benign and malignant nodules, highlighting Al's role in timely anomaly detection and risk
reduction. Augmentation techniques are used to enhance the robustness of the limited medical
datasets. The primary objectives are to gain clinical insights into thyroid health and assess
whether deep learning neural networks provide clearer insights than conventional methods.
Key goals include evaluating the predictive accuracy of deep learning algorithms and
understanding optimization challenges. The study also addresses limitations such as data

richness dependency and healthcare data ambiguity, emphasizing the need for GDPR
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compliance and collaboration between healthcare providers and Al engineers [5]. Translating

research outcomes into clinical practice remains a significant challenge.

Research Objective: The primary objective of this research is to construct a
Convolutional Neural Network architecture that can detect thyroid abnormalities in medical
imaging data by understanding the clinical information of thyroid health and to learn how
neural networks can provide more clearer picture compared to the traditional methodologies

along with discovering the challenges in this field of research.

2. Literature Review

Literature survey is a crucial part of the NPDC (New Product Development Cycle), and
it involves critically analysing existing research related to the project at hand. By thoroughly
examining the literature, developers and researchers can gain valuable insights into the
processes involved, aiding in the definition of a robust conceptual framework. Learning from
prior research endeavours can inspire deeper exploration and help overcome potential obstacles
encountered during the development process. Consequently, conducting a comprehensive
literature review is essential for driving the development of an effective system to meet specific

needs.

One notable research endeavour in the field of thyroid diagnosis is the study by [8],
which explores the utilization of SPECT images in convolutional neural network (CNN)
models. This research highlights the discrete nature of SPECT images and proposes pre-
processing techniques for model construction. By integrating DenseNet architecture and
optimizing training methods using the flower pollination algorithm, the study achieves
improved diagnostic accuracy. Furthermore, the research underscores the importance of
integrating advanced imaging technologies to enhance computer-aided diagnosis systems, thus

mitigating diagnostic errors.

In asimilar vein, [7] delves into the investigation of optimal conditions for CNN models
in thyroid ultrasound image analysis. The study compares scratch and transfer learning
techniques, addressing challenges in dataset acquisition and ethical considerations. By
employing data augmentation and stress testing methodologies, the research concludes that

transfer learning outperforms scratch learning in optimizing model performance. Additionally,
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the study identifies the optimal dataset split ratio and underscores the significance of
probability thresholds in model optimization. Meanwhile, [4] focuses on ultrasound image
classification of thyroid nodules based on deep learning techniques. Through the utilization of
a pre-trained ResNet18 model with transfer learning, the study achieves automated
classification of benign and malignant nodules. By addressing data imbalance issues and
utilizing focal loss, the research emphasizes the potential of deep learning in automated feature
extraction for improved diagnostic accuracy. Moreover, the study proposes the developed

model as a valuable second opinion tool in the medical community.

Another noteworthy research endeavour is by [3], which explores the integration of
user input into CNN models for thyroid nodule segmentation. By adopting a semi-automated
approach with integrated Region-of-Interest (ROI), the study improves segmentation accuracy.
Through the utilization of U-Net architecture and evaluation metrics such as the Dice score,
the research highlights the importance of user interaction in enhancing segmentation accuracy.
Furthermore, [10] focuses on thyroid detection using margin characteristics, emphasizing the
significance of understanding thyroid characteristics. By utilizing ACWE( active con- tour
without edge) for image segmentation and employing deep learning models, the study achieves
categorization based on margin features, highlighting the potential for improved diagnosis
through margin analysis. [14] contribute to the field with their study on thyroid nodule
detection using convolutional neural networks. The research proposes a three-stage SSD
architecture for nodule detection and addresses challenges such as overlapping bounding boxes
through non-maximum suppression. By leveraging pre-trained models and additional

convolutional layers, the study enhances detection accuracy and overall performance.

Additionally, [6] explore thyroid nodule detection using ultrasound images and ACWE
for segmentation. By employing feature extraction and artificial neural networks (ANNS) for
classification, the research achieves promising results, highlighting the potential for improved
diagnosis through advanced image processing techniques. [2] contribute to the field with their
study on thyroid nodule detection using attenuation values based on non-enhancement CT
images. By employing median and average filters for preprocessing and thresholding
techniques for feature extraction, the research lays the groundwork for improved diagnostic

methodologies using CT imaging.

Further, the research [13] delves into the importance of the intersection of cutting-edge
Al methodologies in medical diagnostics. The author discusses the critical role of efficient

Journal of Innovative Image Processing, September 2024, VVolume 6, Issue 3 247



Enhanced Early Detection of Thyroid Abnormalities using a Hybrid Deep Learning Model: A Sequential CNN and K-Means Clustering Approach

computation framework in machine learning applications, which can be implemented into
different scenarios of medical diagnosis. This emphasis on robust evaluation metrics and
streamlined model architectures resonates deeply with optimising the accuracy through image
diagnosis of different diseases. Likely, the research [15] provides insights on highlighting the
versatility of machine learning techniques in healthcare. This study parallels the use of deep
learning methodologies tailored for precise detection of thyroid nodules, therefore increasing
the diagnostic efficacy.

The study collectively contributes to the advancement of thyroid diagnosis
methodologies, leveraging deep learning techniques and advanced imaging technologies to
improve diagnostic accuracy and efficiency. Also, the studies are focusing on specific datasets
due to having limited resources and ethical considerations, data augmentation is necessary to
multiply the size of our dataset. Working with deep learning techniques which require well-
annotated data and rigorous transfer learning but can also lead to overfitting issues. This cannot
be overlooked especially while dealing with sensitive medical information and thus dropout
layers can be installed in the models to resolve this issue. Building a hybrid architecture which
can work with multi-modal data has been a constant need of development and Al technologies
need to be extremely cautious by not constructing ambiguity due to the diversity of thyroid
abnormalities. There are fallbacks in the research when it comes to learning about rare thyroid

conditions due to the availability of rich data in that aspect [9].

The research [18] focuses on ultrasound scanning, the most excellent and significant
diagnosis technique utilized for the identification of thyroid nodules. The main findings include
the development of CAD systems for radiologists, the trend of using machine learning and deep
learning for thyroid nodule classification to improve accuracy, and the presentation of results,
limitations, and CNN architecture for this classification. The author [16] delves into the various
applications of Al in healthcare settings, emphasising its potential to revolutionise medical
practices and enhance patient care. This study enhances understanding of deep learning in
medical image analysis, focusing on leveraging advanced Al for improved diagnostic

outcomes.

Deep learning methods are very effective for disease classification from medical

imaging. This research [11] primarily emphases on measuring the outcomes related to deep
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learning methods in diagnosing thyroid cancer, including sensitivity and specificity. It
highlights the significant accuracy of Convolutional Neural Network (CNN) in thyroid cancer
diagnosis, and proposes a taxonomy for classifying thyroid nodules, and assesses the
effectiveness of deep learning algorithms in disease diagnosis through medical imaging. The
study suggests that the CNN algorithm is effective and accurate in diagnosing thyroid disease.
However, some research addresses that deep learning analysis for thyroid ultrasound images is
still in its early stages, with unanswered questions regarding the number of images needed for
training and the lack of a standard for ultrasound image quality. Adding to this, deep learning

analysis may face challenges in classifying indeterminate nodules in the future [12].

Our research builds on these studies to emphasise the novelty and contribution by
developing a sequential CNN model that not only achieves competitive accuracy but also
incorporates K-means clustering for efficient image segmentation. This hybrid approach
enhances the detection of thyroid abnormalities by focusing on regions of interest, thereby
improving diagnostic accuracy. By addressing current challenges and exploring innovative
solutions, future research can continue to enhance diagnosis accuracy and efficacy in the

medical field.

3. Experiment Design
3.1 Overview

Artificial intelligence has revolutionized various domains by enabling machines to
learn from data and make predictions. Deep learning algorithms heavily rely on the richness
and robustness of data, as they uncover patterns and interdependencies among data attributes,
a concept known as data dependency. Moreover, deep learning involves intensive matrix
multiplication operations, emphasising hardware dependency. To delve deeper into the
application of deep learning in healthcare, particularly in thyroid medical diagnostics, this
study focuses on integrating deep learning models with thyroid healthcare to improve early
detection and diagnosis. Specifically, it aims to compare the effectiveness of neural networks
versus traditional machine learning algorithms in detecting thyroid abnormalities from

ultrasound images. The Figure 1 depicts the deep neural network mechanism.
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Figure 1. Deep Neural Networks Mechanism

For this experiment, a dataset comprising 480 grayscale ultrasound images of thyroid
scans was collected from the digital database of Thyroid Ultrasound Images supported by
Universidad Nacional de Colombia, CIM@LAB and IDIME (Instituto de Diagnostico
Medico), which is an open access resource for scientific community available in Kaggle
repository [17]. These images were annotated with truth labels indicating the presence or
absence of thyroid abnormalities. These images are in different dimensions and pre-processed

into an array form.
3.2 K-Means Clustering for Data Segmentation

In the proposed study, K-means clustering was utilized for the segmentation of thyroid
ultrasound images to enhance the detection of thyroid abnormalities. The rationale behind using
K-means clustering stems from its scalability and efficiency in processing large datasets, which
are crucial when handling medical images. K-means clustering is an unsupervised learning
algorithm that partitions data into K distinct clusters based on feature similarity. For this study,
the algorithm was applied to segment the ultrasound images by identifying regions of interest
(ROIs) that are likely to contain thyroid abnormalities as shown in Figure 2. The theoretical
foundation of K-means clustering involves minimizing the within-cluster variance, making it
particularly suitable for segmenting medical images where distinct tissue types need to be
differentiated.
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K-means
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Qutput to be fed into

CNN Select the bright spot

Figure 2. K-Means Segmentation

By using K-means clustering, the study effectively segmented the ultrasound images
into distinct regions, which significantly reduced the search space for the subsequent CNN-
based classification. This segmentation highlighted the areas of the images that are most likely
to contain thyroid nodules, thereby improving the efficiency and accuracy of the CNN model

in classifying these regions as benign or malignant.
3.3 Data Augmentation Methods

Augmentation is used to increase the size and robustness of the training images by
transforming variations into them without changing its original labels. This technique helps in
generalizing CNN model and makes it more robust. Image augmentation is achieved by the

following transformations as shown in Figure 3.

] expandData = ImageDataGenerator(
featurewise_center=False,
samplewise_center=False,
featurewise_std_normalization=False,
samplewise_std_normalization=False,
zca_whitening=False,
rotation_range=10,
zoom_range = 6.1,
width_shift_range=0.1,
height_shift_range=0.1,
horizontal_flip=False,
vertical_flip=False)

expandData.flow(X_train, Y_train, batch_size=32)
expandData.fit(X_train)

Figure 3. Data Augmentation using Keras Tensor Flow
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Featurewise_center or samplewise_center: means subtracting the mean value to center

the data and takes a Boolean value input.

Featurewise_std_normalization or samplewise_std_normalization: by dividing the data

by standard deviation to normalize the data and this takes a Boolean value input as well.
Zca_whitening: used for dimensionality reduction and takes a Boolean value.

Rotation_range: this value rotates the existing image by a certain mentioned angle. It

helps in making the model invariant to different orientations of images.

Zoom_range: random image zooming in and out on the images by any value in degrees.

By doing this, the model will be able to handle image variations in object size.

Width_shift_range or height_shift_range: random shifting of images height and width
wise by the given value in degrees. Within the image, this can bring variability in the

object’s positions.

Horizontal_flip or vertical_flip: randomly flipping images height and width wise by the
given value in degrees. This imitates the image variability and creates a visual mimicry

in the way they were captured.

3.4 Convolutional Neural Network Model Configuration

The workflow of the CNN model framework in Figure 4 diagram details each step in

the process, starting from the collection and preprocessing of ultrasound images, through data

augmentation techniques, and culminating in the training and evaluation of the CNN model.

Key stages such as image resizing, normalization, and augmentation are highlighted, along

with the integration of K-means clustering for effective image segmentation. This workflow

ensures that the images are adequately prepared and enhanced for accurate feature extraction

and classification by the CNN model.
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Figure 4. Workflow of CNN Model Framework with Image Dataset

The CNN model architecture in Figure 5 includes convolutional layers for feature
extraction, activation functions (ReLU) for introducing non-linearity, pooling layers
(MaxPooling) for dimensionality reduction, and fully connected layers for classification.
Dropout regularization is employed to prevent overfitting, and the final output layer utilizes
the SoftMax activation function for classification. This architecture allows the model to learn
hierarchical features from the ultrasound images, facilitating the accurate detection of thyroid
abnormalities. The CNN model was trained using TensorFlow's Keras library, optimizing the
model's performance with the Adam optimizer. Loss function analysis was conducted to
minimize the disparity between predicted and ground truth labels. The model's training
progress was monitored using graphical representations of accuracy and loss metrics, providing

insights into its performance over epochs.

" Output

&

Convolutional Layers

Figure 5. Convolutional Neural Network Architecture

Figure 6 presents the layout of the Sequential Convolutional Neural Network (CNN)
model used in the study for detecting thyroid abnormalities in ultrasound images. The diagram
outlines the architecture and the sequence of layers that make up the CNN model, showcasing
the flow of data through the network. This sequential layout of the CNN model is designed to

progressively extract and combine features from the ultrasound images, enabling accurate
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detection and classification of thyroid abnormalities. The detailed architecture ensures that the

model can effectively learn from the data and make reliable predictions.

Model: “sequential®

Layer (type) Output Shape Param #

conv2d (Conv2D) (None, 250, 250, 32) 896
uuuuu 2d_1 (ConvaD) (None, 250, 250, 32) 9248

max_pooling2d (MaxPooling2 (Nome, 125, 125, 32) 8
D)

dropout (Dropout) (None, 125, 125, 32) [
conv2d_2 (Conv2D) (None, 125, 125, 64) 18496
ccccc 2d_3 (Conv2D) (None, 125, 125, 64) 36928

max_pooling2d_1 (MaxPoolin (None, 62, 62, 64) ]
82D)

dropout_1 (Dropout) (None, 62, 62, 64) ]
flatten (Flatten) (None, 245016) [}
dense (Dense) (Nene, 128) 31490176
dropout_2 (Dropout) (None, 128) )

dense_1 (Dense) (None, 5) 645

Total params: 31556389 (120.38 MB)
Trainable params: 31556389 (120.38 MB)
Non-trainable params: © (9.0 Byte)

Figure 6. Sequential CNN Model Layout

The training parameters for the sequential CNN model as shown in Table 1 were
meticulously chosen to optimize performance while ensuring efficient training. Key parameters
included a learning rate of 0.001, which controls the step size during gradient descent updates,
and the Adam optimizer, known for its ability to handle sparse gradients and adapt learning
rates. The loss function utilized was categorical cross-entropy, suitable for multi-class
classification problems. A batch size of 15 was selected to balance memory usage and training
efficiency, while the model was trained for 25 epochs to ensure adequate learning without
overfitting. These parameters collectively contributed to the model's robustness and accuracy
in classifying thyroid ultrasound images.

Table 1. Training Parameters

Parameter Description Values
Learning rate Step size to modify parameters 0.001
Optimizer Optimizing algorithm Adam
Loss function Evaluates model performance Categorical_crossentropy
Batch size Number of data samples per gradient 15
Epochs Number of iterations over training data | 25
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The integration of K-means clustering for image segmentation and the application of
diverse data augmentation methods significantly enhanced the performance of the CNN model
in detecting thyroid abnormalities. The underlying patterns identified through K-means
clustering provided critical insights into the texture and density variations within the thyroid
tissue, which facilitated more accurate and efficient classification by the CNN. These
advancements underscore the potential of combining unsupervised learning techniques with

deep learning models to improve diagnostic accuracy in medical imaging.

4. Results and Discussion
4.1 Data Visualization

Matplotlib library was employed for visualizing the image dataset. The grid of images
was generated using the imshow() function, facilitating the simultaneous display of multiple
images. This visualization offers a comprehensive overview of the dataset's contents.
Additionally, Figure 7 illustrates a histogram plot of pixel intensities extracted from the original
images. By plotting the distribution of pixel intensities across different color channels, valuable
insights into the visual characteristics of the thyroid images are obtained. This step is crucial
for understanding the inherent properties of the dataset and aids in subsequent analysis and
model development.

Figure 7. Histogram Plot of Pixel Intensities of the Original Image.
4.2 Model Evaluation

The performance evaluation of the trained model on the testing dataset was conducted,
revealing crucial metrics such as loss and accuracy. These assessments were made using the
model.evaluate() function, where the input features represented the thyroid images, and the

corresponding truth labels were provided. The evaluation results were graphically depicted in
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Figure 8, showcasing the model's accuracy and loss trends over each epoch for both the training
and testing datasets. While the accuracy exhibited an increasing trend over epochs for the
training set, a distinct discrepancy was observed in the testing set, indicating the need for

further optimization to enhance model generalization.

model accuracy model loss

— train
— ftrain test
0841 test 0.75 4 es
N
0.83 0.70 4

0.55 -
0.79
0.78 0.507
0.77 4 0.45 4

0 5 10 15 20 25 0 5 10 15 20 25
epoch epoch

accuracy
o ©
@ »
s B
/>
loss
o o
[} [}
o w

Figure 8. Model Accuracy and Loss Plot for Training and Testing Set.

The model's predictive capabilities were assessed by utilizing the CNN model to
classify the remaining test dataset into benign or malignant thyroid images. The output
representation was categorized into benign (0) or malignant (1) labels for clarity. Furthermore,
the predicted probabilities for each class were computed, aiding in understanding the model's
certainty in its predictions. These probabilities, obtained through the SoftMax activation
function in the final layer, serve as confidence scores for each class, facilitating the

interpretation of the model's predictive capabilities.

The confusion matrix provided in Table 2 offers a detailed evaluation of the model's
performance. It shows the distribution of true positive (TP), true negative (TN), false positive
(FP), and false negative (FN) predictions. The confusion matrix indicates that the model
correctly classified 74 images as benign (TP) and made 15 false negative (FN) predictions, 2
false positive (FP) predictions, and 1 true negative (TN) prediction. This distribution highlights
the model's high sensitivity (83.1%) and precision (97.4%) in distinguishing between benign

and malignant thyroid nodules, demonstrating its effectiveness in clinical diagnostic settings.
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Table 2. Confusion Matrix

Actual Predicted Benign (Positive) Malignant (Negative) Total
Benign (Positive) 74 (True Positive, TP) 15 (False Negative, FN) 89
Malignant (Negative) | 2 (False Positive, FP) 1 (True Negative, TN) 3
Total 76 16 92

4.3 Performance Metrics

The performance metrics Table 3 provides a comprehensive evaluation of the proposed
sequential CNN model's effectiveness in detecting thyroid abnormalities. The accuracy of
81.5% reflects the overall correctness of the model's predictions. Sensitivity, at 83.1%,
measures the model's ability to correctly identify benign cases, while specificity, at 33.3%,
indicates the effectiveness in detecting malignant cases. Precision, at 97.4%, demonstrates the
accuracy of positive predictions, and the F1 score, at 89.6%, balances precision and recall
providing a single performance metric. This highlights the model's strong performance in

classifying thyroid ultrasound images and its potential utility in clinical settings.

Table 3. Performance Metrics Derived from Confusion Matrix

Metric Formula Percentage Value

Accuracy (TP+TN)/ (TP + TN+ FP + FN) 81.5%
Sensitivity TP /(TP +FN) 83.1%
(Recall)

Specificity TN/ (TN + FP) 33.3%
Precision TP /(TP + FP) 97.4%
F1 Score 2 * (Precision * Recall) / (Precision + 89.6%

Recall)

Based on the confusion matrix and performance metrics, the proposed sequential CNN
model demonstrates a strong capability in classifying thyroid ultrasound images. The high

precision indicates the model's reliability in identifying true positive cases, while the high
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sensitivity underscores its effectiveness in detecting benign cases. Despite a lower specificity
of 33.3%, the overall performance metrics suggest that the model is well-suited for thyroid
abnormality detection.

5. Conclusion

This study explores how deep learning techniques, specifically the sequential CNN
model, can effectively analyse image datasets for early thyroid detection. The model's ability
to learn diverse features from input images significantly contributes to its robust performance.
Compared to baseline models like Logistic Regression and SVM, CNNs excel in handling
complex image datasets without extensive tuning or feature engineering. Their hierarchical
feature extraction from raw data and capacity to capture spatial information make them
particularly suitable for medical imaging, offering robustness and higher accuracy. However,
sequential CNN modeling poses a risk of overfitting, especially when running multiple epochs
and delving deeply into data characteristics. To mitigate this, a carefully curated model
architecture with regularization techniques is essential, ensuring the model generalizes well to
new data and maintains accuracy and reliability in clinical applications. The experiment shows
that CNNSs, through convolutional layers, capture low-level details and context information,
leading to accurate results. Data feature flattening enhances information extraction from
thyroid images, and dropout layers balance model complexity, achieving an accuracy score of
81.5%. The study emphasizes the need for customized models for different imaging modalities
and effective segmentation of ROIs in grayscale ultrasound images. Further research is needed
to integrate Al with medical diagnostics and improve accuracy, highlighting that deep learning

can automate and advance thyroid diagnostics.
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