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Abstract: Thyroid disease (TD) patients benefit greatly from early diagnosis and treatment. Ultrasounds and blood tests are
two important diagnostic tools for evaluating thyroid function abnormalities. The seriousness of thyroid issues necessitates the
use of reliable diagnostic methods. This paper introduces a new approach to TD classification by utilising cutting-edge feature
extraction, classification, and picture preprocessing methods. Thyroid image noise is efficiently reduced by the Fast Non-Local
Means Algorithm (FNLM), providing a clean input for further analysis. Histogram Features is a strategy for creating a
comprehensive representation for disease classification that extracts discriminative features from pre-processed images. To
enhance the model's ability to identify subtle patterns that might indicate thyroid issues, propose using a Triple Attention Guided
Residual Dense (TriAG-RDBNet) and a BiLSTM-based connection model. The CTOA (Chaotic-Based Tumbleweed
Optimisation) Algorithm is used to fine-tune the model's hyperparameters for optimal execution. Dynamic parameter
optimisation helps the model achieve the highest possible classification accuracy. Extensive testing on a publicly available
dataset demonstrates the efficiency of the proposed method, achieving an astounding 99.22% accuracy. Our integrated approach
outperforms state-of-the-art models in comparison tests, suggesting it might be a helpful tool for TD classification.
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1. Introduction

Thyroid disease (TD) refers to a collection of diseases affecting the thyroid, a small gland located at the centre of the throat,
shaped like a butterfly. The hormones secreted by this gland have far-reaching effects on development, metabolism, and other
bodily functions [1]. TD can cause a wide variety of symptoms and health issues, and can take many different forms, from
hypoactivity to hyperactivity. Hyperthyroidism is a condition in which there is an abnormally high production of thyroid
hormones. Hyperthyroidism is a common complication of Graves' disease, an autoimmune condition [2]. Graves' illness is
characterised by an excess of hormone production due to a mistaken immune system attack on the thyroid gland.
Hyperthyroidism causes fatigue, irritability, rapid heart rate, rapid weight loss, and intolerance to heat. Without therapy, this
illness might cause serious complications, including osteoporosis and heart disease [3]. When compared to other kinds of
cancer, thyroid carcinoma is an uncommon and deadly illness that can emerge from thyroid nodules. Papillary thyroid
carcinoma, a kind of thyroid cancer, has a good prognosis if caught early. Surgical removal, radioactive iodine therapy, and
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hormone replacement therapy are all viable alternatives for treatment [4]. Because the thyroid gland plays an essential role in
regulating multiple physiological systems, detecting TD is crucial. Hormones produced by the thyroid gland regulate the organ's
overall function. Hyperthyroidism and hypothyroidism are two of the many diseases linked to thyroid hormone abnormalities.
Physical and emotional health can be severely impacted by TDs, making early identification essential [5].

Thyroid problems can cause a variety of symptoms, including lethargy, irritability, rapid or slow heartbeat, and changes in body
weight. Early detection reduces the likelihood of complications and enables prompt medical intervention, thereby preventing
disease progression [6]. Both the cardiovascular and reproductive systems are vulnerable to TD's effects [7]. Rapid diagnosis
allows doctors to tailor treatment plans, which may include anti-thyroid medicines or hormone imbalance [8]. The thyroid
interacts with the endocrine system in complex ways and has far-reaching effects on the body. Screening and early diagnosis
programmes for TD have been shown to improve patient outcomes, quality of life, and the burden on the healthcare system [9].
A subfield of Machine learning (ML), Deep learning (DL), has achieved unprecedented success in several areas, including
medical diagnosis, image identification, and natural language processing [10]. Because it can automatically recognise patterns
and features in large datasets, it is particularly diagnostic. Large collections of thyroid ultrasound images may be used to train
DL algorithms for pattern and anomaly detection in the context of TD diagnosis [12]. CNNSs, or convolutional neural networks,
are a type of DL architecture that has shown exceptional promise in image classification tasks and are well-suited for thyroid
imaging analysis [13]; [11].

1.1. Motivation

The pressing need to improve TD detection beyond the scope of current diagnostic methods motivates our work. Due to frequent
inaccuracies and inefficiencies, the healthcare industry desperately needs a paradigm shift. Our ultimate objective is to introduce
a ground-breaking tool that, by using DL, has the potential to improve the accuracy and timeliness of TD diagnoses. Addressing
the challenges posed by the intricacy of thyroid disorders, this unique approach helps move healthcare closer to its ultimate
goal of enhancing patient outcomes through technological innovation [31].

1.2. Main Contributions

o Effective Noise Reduction: Noise in thyroid pictures is efficiently reduced using the Fast Non-Local Means
Algorithm (FNLM), ensuring a clean input for subsequent analysis.

e Feature Extraction: The Histogram Features method is practical for preprocessed images, extracting unique features
and constructing a holistic representation for accurate illness categorisation.

e Advanced Model Classification: It introduces the TriAG-RDBNet, a classical model that helps detect subtle features
that may indicate thyroid issues.

e Hyperparameter Optimisation: It uses the Algorithm (CTOA) to dynamically optimise model parameters and
modify hyperparameters for optimal classification accuracy.

1.3. Organisation of Work

The rest of the research is structured similarly to a shadow: Section 2 describes the related literature, Section 3 provides an
impression of the suggested replica, Section 4 presents the study's findings and corroborating investigation, and Section 5
delivers a conclusion and summary [32].

2. Related Works

The purpose of the overview undertaken by Naeem et al. [14] was to compare presentations to improve the health index through
a more precise analysis. This resulted in the collection of significant data, which contributed to the formulation of the study's
conclusion. Researchers determined whether the model was beneficial by analysing secondary hypothyroid data alongside the
study results. Academics have recently presented a wide variety of mining approaches to the healthcare industry for the first
time. The potential application of this approach may be limited by the difficulty of establishing appropriate data formats. In
this particular study, the SVM machine-learning classifier was able to accurately identify the symptoms of hypothyroidism in
84.72% of the individual patients who were diagnosed. A diagnostic paradigm for thyroid problems was developed by Prathibha
et al. [15]. This paradigm utilised DL techniques. A one-of-a-kind CNN-based ResNet architecture was used to identify
hypergonadism, hypothyroidism, thyroid nodules, and other conditions. During the proposed research's training phase, dual
optimisers were used to enhance both efficiency and precision. A high-level Python library called Keras, part of the TensorFlow
framework, was used to develop the deep learning algorithms. When the presentation measures used to determine the type of
TD were compared with past research, there was a considerable improvement in the performance measures. Following
retraining, the modified ResNet model achieved an accuracy of approximately 97%, an increase from the first ResNet design's
94%.
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In addition, a web-based framework was established to determine the type of TD from a scanned image provided by the input
system. By increasing the number of pixels in the image's outer regions using Kirsch's edge detector, Shankarlal et al. [16]
proposed a method for recognising cancer. This method would be used to examine the image. After the picture had been refined,
the Tree Contourlet Transform was applied to it to extract coefficients that corresponded to the refined picture. Following this,
features were developed using the updated thyroid image. These features were then used to train and classify a model using the
Co-Active Adaptive Neuro segmentation approach. The thyroid picture was then used to divide the cancerous areas. The CNN
method was then utilised to assign tumour grades. To determine the likelihood of hypothyroidism and hyperthyroidism, Hossain
et al. [17] utilised a range of machine learning techniques. Important qualities necessary for accurate diagnoses of TDs were
also identified during the research. Multiple classification models were used in conjunction with both recent and historical data
to select the best model for predicting thyroidism. The Random Forest (RF) algorithm produced the highest assessment score
across all domains in the sample, while Bayes produced scores below average. Across all performance metrics, the RF approach
to feature selection produced the best results. The research conducted by Alnaggar et al. [18] resulted in the development of an
enhanced multiclass classification model. This model used XGBoost to assign individuals to groups based on the type of thyroid
disease they had.

The most important contributions were improved feature identification accuracy in the dataset and multiclass classification that
differentiated among three distinct forms of thyroid disease. Based on the criteria analysed, the exceedingly selective algorithm
XGBoost demonstrated the best categorisation performance. After the hyperparameters were optimised, the model achieved an
accuracy that was 99% higher than that of the most cutting-edge models. Dhamodaran et al. [19] wanted to determine whether
or not it would be possible to classify thyroid datasets into a sum of different categories by employing support vector machines
(SVM), kernel neural networks (KNN), and Naive Bayes by contrasting several diverse machine learning tactics, to determine
which one provided the most accurate disease prediction. Using the Expert organisation model, it was demonstrated that
predictions of future TD instances, in addition to estimates of pretentious rate, were accurate. In terms of accuracy (98.53 per
cent) and throughput (98.34 per cent), the complex model came close to meeting the specified performance levels. An
investigation by Brindha and Muthukumaravel [20] evaluated the accuracy of two classification algorithms for diagnosing
thyroid conditions. For this study, the CNN and Support Vector were evaluated to determine how effectively they could identify
hypothyroidism in addition to hyperthyroidism. During training, the model was trained on data from the UCI Machine Learning
Repository. It was found that the CNN classifier was more accurate than the SVM classifier, achieving 89% and 87%,
respectively.

3. Proposed Method

Figure 1 illustrates the workflow presented in this paper, showing the connections among all procedures.

CTOA based
TriAG-

Histogram

FNLM Features for

Input
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Figure 1: Block diagram
3.1. Dataset Explanation
In the deep learning era, data is so valuable that many new companies are providing picture annotation services. The datasets
used for the proposed model assessment may be available on various platforms [21]-[24], including Kaggle. The proposed
system is evaluated using both an existing thyroid dataset from the UCI repository and a brand-new thyroid dataset containing
ultrasound images for hypoTDs. The number of datasets used to evaluate the proposed system is shown in Table 1.

Table 1: Dataset compilation
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Disease Type Amount of Images
Thyroid-nodules 147
customary thyroid 89
Thyroiditis 74
Hypothyroid 110
Excited-thyroid 78
Thyroid cancer 99
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3.2. FNLM for Preprocessing

The NLM denoising method is an efficient strategy for reducing background noise [25]. In addition, this technique can fix
issues with regular denoising distortion of the signal. For this reason, the NLM denoising method is preferable to other noise-
reduction algorithms, such as the Gaussian, Wiener, and median filters, which use a sliding window approach over the entire
image. Euclidean distance is used as a measure to evaluate the overall geometric composition. Equation (1) provides a meaning
of the NLM denoising technique:

NL[I](a) = Zner w(a,b)I(b) 1)
Wherein the weight w(a, b)is described as going after within the equation (2):

Go(MIM+T)-I(n+1)13

w(a,b) = %Z e dz (2

where tthe number of pixels; G,(t)is used to describe backdrop pixels; || I(M + 1) — I(b + 1) ll%is the intensity difference
surrounded by pixels that are strongly influenced by Euclidean coldness measurements; Z(a)choose the setting in equation (3):

_Gg(Dll@+1)-1(b+1)I3

Z(@) =Xy e az ®)

By extending the NLM denoising method from two, as in the FNLM denoising method, to many computations (a, b). Equation
(4) defines the modified (a, b):

(ab) = ;=H(I(@+s) ~1a~s), (4)

Where T is distinct as b — a, s is definite as a + T, and H;is described as follows in equation (5):

_l@-1(a+o13

Hi(s) =X3=0 ¢ @ ®)
3.3. Feature Extraction from Histogram Features (H)

Histogram features can be used by selecting item relative to the columns and rows [26]; [27]. For feature extraction, this binary
object serves as a unique image mask. The characteristics. First-order histogram and statistical characteristics are two other
names for them. Equation (6) describes the probability of the P(h) first-order histogram:

P(h) = <> ©®)

The number N symbolises the total number of images, while the function K(h) shows all possible grayscale values for h. The
mean, or average value, determines how light or dark a picture is:

k(a,b)

=Y hP(h) = 3, 3p — )

In this case, the grayscale value range from 0 to 255 is characterised by g. The resulting values are used to represent the pixel.
SD labels the dissimilarity of a photograph. The following equation (8) demonstrates this:

on = S0 (h—Byp(h) ®)

The degree of asymmetry can be measured by comparing the value to a mean or median. Negative skewness is defined by
Equation (10) and may be found in Equation (9):

Skewness = G—}zf,’;}, (h — h)3P(h) 9)
— Sketwness = H_:Ode (10)
h
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To refer to the distribution of the grey equation (11) and explain it:
Energy(E) = X525 [P(h)]? (11

Entropy is a measure of how chaotic a set of image data is. It is distinct as follows by Equation (12):

Entropy(AS) = — X0 q(i)logz[q(i)] (12)
3.4. Use of TriAG-RDBNet for Classification
3.4.1. Triple-Attention Mechanism (TAM)

TriAG-RDBNet is a classification model that follows the extraction process to achieve optimal prediction accuracy for TD.
The attention device relies on a process of probability weighting, as widely recognised [28]. The process dimensionally hides-
layer features by varying the timing of feature computations, so that more informative features receive larger weighting
coefficients. To apply the attention approach, i.e., h; = h;;, h;5, ..., h;,, to a dynamic weighted sum of features to get a single
local characteristic c;, which is represented as follows in equation (13):

¢ = Zjb=1 mi]'hi]' (13)

Wherein the input progression’s weight feature is displayed by m;;. Attentional methods will be used to evaluate the relevance.
ej; scores: PCA (principal component analysis) reduces the dimensionality of the original thyroid image, yielding more
evocative low-dimensional features with less computational overhead. Finally, the weight distribution of characteristics is
obtained by using the TAM procedure. The use of a residual dense feature mining is a secondary objective, as is the integration
of deep features (DF) via BiLSTM. The symbol denotes the TAM, and the pink bars represent the remaining network’s (RN)
sub-modules. Represents the process of combining multiple features by summing their residuals:

eij = wi tanh(Weh,_; + Uchyj + 2,) @

Where h;characterises pixel's state information using vector features. It serves as the focal point of. last of all, summation
functions were utilised for ajand the hidden stateh;producing the context vector c;. anywhere wil, W,, U, z, are shared
parameters that our scheme should learn in each instance step, as an indication of attentiona;;is computed as follows in equation
(15):

_ exp(eij)
aij - ZE:l exp(ejx) (15)
This study proposes a TAM approach with three different concentration subsystems. Traditional attention mechanisms keep
half of the feature weights, while average pooling mechanisms use the function to keep local characteristics in the foreground.
The third attention method, max-pooling, emphasises local features by giving them more weight than other features. The
following equations (16)— (18) can be used to calculate any of the three attention modules:

b exp(ejj) )
0= 2 Tho, explei) ) (16)
_ . b exp(ejj) 17)
g = AveragePooling { =1 mhii}
_ . b exp(ei]-) )
m = MaxPooling { R o hu} (18)

The Triple-Attention Mechanism assigns unique weights to each of the thyroid's initial attributes, ensuring that unique features
are prioritised over duplicates. Using Eq. (19), researchers can calculate the combined output of the TAM features:

F(oga) = concatencate (o D g @ a) (19)
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Once the attention mechanism equation has computed and distributed the weights, three weight processes are used to update
the features. Where o is the original feature's output, m is the average of all features, and g is the highest feature's output from
the pool. The full F(,, ) is the TAM result. The symbol works. The RDN may benefit from the enhanced DF produced by
attention-based fusion features.

3.4.2. RDN

To build a new RDN to mine and participate in DF, in addition to effectively removing extraneous features. The RN adds a
residual procedure to reduce the trait parameters and prevent gradient degradation and vanishing in deep networks. The RN
scheming equation (20) is displayed below.

Y = Wid(Wi_1Xi_1) +X (20)

Ydepicts the layer's result; Wshow the weights matrix;Srepresents the ReLU's opening function; Xsymbolises the existing layer's
input. The number of DF maintained by fusion increases because dense network (DN) a priori knowledge provides substantial
information. By applying feature fusion procedures to both the initial features and the features, a double-dense fusion technique
is used in this study. More DF can be obtained using the double-dense fusion method, which combines both the initial features
and the deep residual features. Initial features are calculated using equations (21) and (22) in DN:

Xo = Hp(Xp—1) + Xp—1 (21)
Xy = Hp(Yo—q) + Yoy (22)

Xycharacterises the intensive utilisation of the RN output characteristics; X,characterises the concentrated operation of the
earliest features; and H,characterises the feature fusion process. Our solution to the disappearance of deep network gradients
and the explosion problem involves using the dense RN to remove superfluous features, while performing deeper feature
removal and fusion on multidimensional remote images.

3.4.3. Bi-LSTM

To incorporate the RDN-produced DF, this work proposes employing a BiLSTM network. To improve the correlation flanked
by DF at numerous locations, BiLSTM devised a feature that incorporates convolutional semainformation across D different
scales. The final step is recognition, in addition to classification, which is handled by the Softmax function. To selectively
manage information flow while also protecting and regulating the unit's state, the LSTM unit employs three threshold structures.
The input gate and output gate are all structures. This is how they are calculated:

Iy = o(XWyi + He—1Wh; + b;) (23)
Fi = o(XWys + He_ 1 Whe + bp) (24)
O = 0-(thuo + Heo Wy + bo) (25)

WhereinW,;, Wyr, Wy, and Wy;, Wy, Wy, are mass and b;, bg, b, are prejudice coefficients. The mechanism of action is the
application of the tanh function over the range (-1, 1). This results in the subsequent equation (26) at timestep t:

€ = tanh(X; W, + He_; Wi, + bo) (26)

Wherein theW,,. and W;,.There are factors for weight and b..is a gauge of bias. This part of the model mainly uses two DNs to
incorporate initial features and deep residual information. When dense blocks are joined together, residual computation for
shallow and DF is performed, thereby improving feature quality [29]. The output layer represents the context-semantic
properties after DF integration. A Layer represents the LSTM's forward propagation. The Backward Layer represents the
LSTM's backward propagation. ReLU symbolises an activation function. Two parameters of LSTMs: the forgetting parameter
F,, that describes what percentage of ancient memory cells C,_;to keep, and the learning parameter 1., which decides how much
weight to give to new input via C.. By using the pointwise multiplication technique, to obtain the following information,
equation (27):

C=FOC,+I0O Ct (27)
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After that, to may direct how much data travels from the memory cell to the secret location. As the output gate H.as can be
shown in Equation (28), H.as:

H, = 0, O tanh(C,) (28)

Upon setting the output gate to 1, all of the memory data is effectively transferred to the predictor factor. When the result is 0,
stop processing and leave the data in the cell. A BiLSTM, based on LSTM, integrates input data in both directions. Regarding
the outcome at t, the forward LSTM layer in the input sequence incorporates data from both the past and present. The reverse
LSTM layer knows both the input series' time and the time t. LST represents the output at time tMg,,..q » @nd the result of the
backward LSTM layer at occasion t is represented by LSTMy,ciward :

H; = o(X WS + H W +b) (29)
#, = o(XW + He_, WS + b{™) (30)

Following that, HfbesidesHt « to get the concealed state H,mentioned to the output layer via equations (29) and (30). And last,
the output O.is calculated by the output layer as shown in equation (31):

0¢ = HWpq + by (31)

In this case, the weight restriction Wy,qbesides bias limitbq These are the model parameters of the output layer.

3.5. Tuning Hyperparameters with CTOA

3.5.1. TOA

As a next step after categorisation, TOA employs a grouping construction to use more conventional methods when tuning
search parameters. That is, each subpopulation of a tumbleweed population contains many search individuals [30]. The Theory
of Approximate (TOA) algorithm can benefit from this hierarchical grouping, and subgroups can help prevent local optima
from forming. These two iterations represent the evolution and reproduction of a single tumbleweed. There are two phases to
a tumbleweed's life cycle: the individual phase and the reproduction phase.

3.5.2. Personage Growth-Local Search

When carrying out a search, crash of the environs on the mth person throughout the cycle (vi™) is represent by B™ in equation
(32):

m _ fit(vj™)
- sum(fit(;(k))ﬂi (32)

Where € is a digit flanked by 0 and 1, and XXis a matrix in which every element stands for a sole. The higher P™, The seeds
xj"inside this setting. In TOA, construct.G;(i = 1,2,3...,b). The top 50% G;reserved to engage in combat with other
subpopulations:

k m _om
sl*< Xbest _Vin)+c2*(Ybestk vi™)+c3*( Ybest 141 —v(")

. ,m=1

Factor = sqx( Ybest |—vi")+s#( Ybest |_1 —v]") m=K=M (33)

,m = or else.

2
le*( Ybest 1_1—an)+52*( Ybest 1—an)+s3*( Ybest 1+1—an)
3

Then, the numerical expressions for all individuals in the subset are shown in equation (34):

vit: = vi" + 1y * Factor (34)
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where s;, s,, szare all chance integers flanked by the principles of 0 and 2. The residual half is not capable of evolution, and the
formula is represented by equation (35); low environmental adaptation subpopulations cannot vie, but they can stop intra-
evolution:

VL = Vi o+ (g% (Ybest i = Vi) + 55 % (V3jecey — vi7)) (35)
where s,, s is an accidental numeral from 0- 1, and r, symbolises the influence of surroundings, through repetition.

3.5.3. Individual Reproduction-Global Search

Tumbleweeds only reproduce after they achieve reproductive maturity, which happens during their own reproductive cycle.
The formula for the development of this process is (36):

Max_itertion —gc

ity = Xbest;+V* (36)

Max_itertion

Where V is the vector for the seed's chance of falling.
3.5.4. CTOA

The population in the TOA is initialised using a Gaussian distribution of random numbers, as described by equation (37).
pop = In + (un — In) * rand 37)

Where rand is a random matrix with values among 0 and 1, thus, these two TOA processes are linked to the local and global
searches conducted by the population. The sequences generated following the TOA were not uniformly distributed, which could
affect results across different sequences. This phenomenon will diminish the optimisation algorithm’s resilience. Here, to have
the option of using a method to determine the residents' random shape. First, a preliminary x,u’:

X= {UI'UZ' ""ui}' u; = f(ui—l)'i = |p0p| (38)

Wherein the selected chaotic map is depicted as f(x). In a chaotic sequence, the next generation solution is to feed the preceding
generation's solution into the function. Next, using equation (38), pop_chaotic with chaotic features is constructed:

pop_chaotic =In+ (un —1In) * X (39)

whereinlb is the smallest value in the space, and besidesub is the greatest value in the space. Similar to the chaotic. The equations
(38) and (39). When an algorithm requires an accidental succession, equations (38) and (39) are utilised in conjunction with
chaotic maps to substitute the chaotic sequence. As a result, the chaos-based tumbleweed follows:

Step 1: generate the primary dataset arbitrarily.

Step 2: Make a chaotic succession by frequently iterating selected chaotic mapX.

Pace 3: Make an inhabitant of chaos and label it pop chaotic; then, control its boundaries with Equations (38).
Pace 4: Utilising the population from action 3, conclude the person search piece of CTOA.

Pace 5: Terminate the CTOA's global investigation section.

Pace 6: discover a workable key.

The pseudocode for CTOA's total optimisation process is displayed in Procedure 1.

Algorithm 1: Pseudo- CTOAcode

Input: input: ps : variables: max_gen, population size, search dimension, growth cycle, and K,
the maximum number of smaller groups.

First, divide the tumbleweed population into K smaller groups. Second,

use the chaotic map as the beginning point for
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. . gC
6.if grow_iter < > then

7.Calculate Pli using Equation (33);
8.Update ry;

9.if rank(i) <

pS—g R
> E€ rand < using P, then

10.xX using Equation (34);

11.else

12. Utilise the roulette wheel to select a certain;

13. Calculate x_i"k using Equation (35);

14.end

15. else

16. Calculate X _(new,k) using Equation (36);

17.end

18. Determine every entity's equal of fitness groupG_k;

19. Update pbest, pbest_val,gbest besides gbest_val;

20.end

21. if grow_iter==gc-1 then

22.Redivide K groups populaces;

23.end

24. End

4. Results and Discussions

4.1. Experimental Setup

It was determined whether the DL models were effective by utilising the WEKA 3.8.6 configuration. There is a data mining
program called WEKA, licensed under the GNU General Public License. In addition to its enormous model library, it offers a
wide range of capabilities, including data preparation, visualisation, and more.

4.2. Performance Metrics

The success of the proposed work is measured by the level of acceptance it receives. The portion of TD in the data set that was
correctly identified indicates the precision. It reads as follows:

No.of correctly expressions

Accuracy (ACC) = x 100 (40)

Total no.of images

Accuracy, f-measure, recall, and specificity are calculated using the following equations: (41) -(44).

TP
TP+FP

precision (PR) = x 100 (41)

F1 — score (F1) = 2 x oedslonRecall 4 (42)

Precision+Recall

Recall (RC) = ———x 100 (43)
e TN
Specificity (SP) = o < 100 (44)

Table 2: The extraction of features investigation

First Order Histogram likelihood Image | Entropy | Energy | Mean | Standard Deviation | Skewness
0.81 Image 1 0.22 0.89 120.6 10.3 0.06
0.79 Image 2 0.19 0.76 113.3 8.8 -0.13
0.82 Image 3 0.24 0.93 129.7 12.2 0.08
0.80 Image 4 0.21 0.83 117.2 9.56 -0.07
0.78 Image 5 0.25 0.91 125 11.4 0.03
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The outcomes of feature extraction for TD images are shown in Table 2 and Figure 2. First-order histogram probabilities range
from 0.78 to 0.82, indicating the likelihood of unique pixel intensities across the five images. The visual complexity indicator,
known as entropy, can range from 0.19 to 0.25. Between 0.76 and 0.93, the energy shows that the pixel values are fairly stable.

1

0.9
0.8
0.7
0.6
0.5

L 0.4
é" 0.3
0.2
0.1

0

First Order Histogram Entropy Energy
Probability

Extracted Features

mImagel mwImage2 mImage3 »Image4 wmImageS

Figure 2: Feature extraction investigation

The central tendency, represented by the mean pixel intensity, varies from 113.3 to 129.7. The standard deviation, a measure
of the spread of pixel values, ranges from 8.8 to 12.2. The asymmetry in the intensity distribution across pixels, as measured
by skewness, ranges from -0.13 to 0.08. These numerical parameters capture the complication and consistency of TD images,
which is important for further research and potential diagnostic applications.

Table 3: Presentation investigation of diverse classes of TD

Classes PR (%) ACC (%) F1 (%) RC (%) SP (%)
Thyroid cancer 98.87 99.22 98.76 98.53 99.12
Hyper thyroid 97.94 97.91 97.98 97.67 97.53
Hypo thyroid 97.69 98.47 98.11 98.67 98.22
Thyroid nodules 98.40 98.70 98.26 98.68 98.66
Normal thyroid 98.68 97.92 98.67 98.21 98.79
Thyroiditis 99.31 99.11 99.16 99.24 99.43

Metrics for a model's success in TD classification are presented in Table 3 and Figure 3. The model has a good overall ACC,
with accuracies ranging from 97.91% to 99.22% across classes. With PR at 98.87%, RC at 98.53%, and SP at 99.12%, the
classical method accomplishes 99.22% ACC cancer. Hyperthyroidism has an ACC of 97.91 percent and corresponding PR,
RC, and SP rates of 97.94 percent, 97.67 percent, and 97.5 percent, respectively. Hypothyroidism is diagnosed with an ACC
of SP values of 97.69%, and 98.22%, respectively.

100
99.5
99
98.5
;\? 98
Y
£ 975
&~
97
96.5
Thyroid Hyper  Hypo thyroid Thyroid Normal Thyroiditis
cancer thyroid nodules thyroid
Classes
m Accuracy (%) = Precision (%) Recall (%) m Specificity (%) mF1-score (%)

Figure 3: Presentation examination of kinds of classes
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The model achieves values of 98.40%, 98.68%, and 98.66%, respectively. A normal thyroid classification has an ACC of
97.92%, a positive predictive value of 98.68%, a negative prognostic value (RC) of 98.21%, and a sensitivity (SP) of 98.79%.
The thyroiditis ACC is 99.11 percent, the RC rate is 99.31 percent, the PR rate is 99.24 percent, and the SP rate is 99.43 percent.
The F1, taken together, suggests a robust and accurate model for classifying TDs, achieving excellent results across a range of
disease types.

Table 4: Classification investigation of a variety of models

Models PR (%) ACC (%) F1 (%) RC (%) SP (%)
LSTM 95.34 95.62 95.46 95.23 95.14
Bi-LSTM 96.89 96.73 96.76 96.75 96.66
ResNet 97.46 97.45 97.39 97.33 97.42
DenseNet 98.98 98.21 98.82 98.87 98.75
TriAG-RDBNet 99.18 99.22 99.21 99.21 99.19

Table 4 and Figure 4 summarise the consequences of a classification test involving multiple models.
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metrics
mLSTM = Bi-LSTM ResNet DenseNet m TriAG-RDBNet

Figure 4: Classification investigation

The LSTM classical achieves an ACC of 95.62% with model has the highest accuracy (ACC: 96.73%) and the highest values
of precision (RC: 96.75%), recall (SP: 96.66%), and false discovery rate The DenseNet model achieves the best results across
altogether metrics, with ACC of 98.21besides F1 principles of 98.78%, 98.87%, besides 98.82%, respectively. The TriAG-
RDBNet representation results in a competition ACC of 99.22% and excellent PR, RC, and SP, along with F1 scores of 98.18%,
99.19%, and 99.22%, respectively. After tuning its hyperparameters with TOA, the proposed TriAG-RDBNet representation
proves to be the most precise classifier among the evaluated models.

5. Conclusion

Our findings underscore the imperative for accurate diagnostic techniques and stress the significance of early detection of
thyroid diseases (TDs) to enhance patient outcomes. This study introduces a precise, methodical methodology for categorising
TDs via a meticulously crafted feature-extraction and image-classification framework. The Fast Non-Local Means (FNLM)
technique is used to remove noise from thyroid images, ensuring the input data is of the highest quality for later analysis. This
preprocessing technique makes structural patterns clearer and helps extract useful features from the data. After the noise is
reduced, the Histogram Features technique is applied to the preprocessed images. This method enables the identification of
discriminative statistical traits, providing a strong basis for accurate classification of thyroid problems. The proposed TriAG-
RDBNet model is added to the pipeline to improve the diagnostic system further. This model improves diagnostic accuracy by
detecting subtle and complex patterns that may indicate the presence of different TDs. This makes the system more sensitive
and reliable. The Classification-Tuned Optimisation Algorithm (CTOA) is also used to adjust the model's internal settings
dynamically. This adaptive method ensures the network maintains strong generalisation and consistently delivers high
classification performance across a wide range of image samples. Tests done on a publicly available dataset show that the
proposed method works well. The system's 99.22% accuracy is very impressive, suggesting it could be a reliable tool for
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diagnosing problems. Though these results are good, they could be much better if the dataset included a wider range of
demographic groups and a greater variety of thyroid problems. This kind of growth would strengthen the model, make it more
useful in real-world clinical settings, and, ultimately, help doctors diagnose thyroid disorders more accurately and
comprehensively.
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