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 Thyroid disease is a common endocrine disorder affecting the thyroid gland, 

a small butterfly-shaped organ at the base of the neck. According to the 

World Health Organization (WHO), nearly one billion people worldwide are 

affected by thyroid-related conditions. Conventional diagnostic methods, 

such as thyroid scans and function tests, are often costly, time-consuming, 

and complex for clinicians to interpret. To overcome these limitations, this 

study introduces a novel temporal conditional-Markov random field (TC-

MRF) framework for early detection and classification of thyroid disease. 

The multi-modality images computed tomography (CT), magnetic resonance 

imaging (MRI), and ultrasound (US) are collected from the ImageNet 

database and preprocessed using contrast stretching adaptive Gaussian star 

(CSAGS) filter to improve image clarity. The enhanced images are then 

processed over a convolutional neural network (CNN) for feature extraction. 

These features are classified using a random forest (RF) model to determine 

whether the thyroid condition is normal or abnormal. The proposed TC-

MRF achieves a classification accuracy of 98.27% and F1-score of 96.05%. 

The TC-MRF enhances the total accuracy range of 6.30%, 4.11%, and 

5.36% better than naive Bayes, multilayer perceptron (MLP), and decision 

tree, respectively. 
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1. INTRODUCTION  

Thyroid disorders, including hypothyroidism and hyperthyroidism, are among the most common 

endocrine abnormalities worldwide, second only to diabetes [1]. The thyroid gland is essential for regulating 

blood pressure, heart rate, metabolism, and body temperature because it produces hormones such as 

thyroxine (T4) and triiodothyronine (T3) [2]. Dysfunction in the thyroid or related organs such as the 

pituitary and hypothalamus can disrupt hormonal balance, leading to serious health complications [3]. 

Hypothyroidism can result in fatigue, weight gain, depression, and cognitive impairment, whereas 

hyperthyroidism may cause anxiety, weight loss, palpitations, and cardiovascular issues [4]. Early and 

accurate diagnosis of these conditions is crucial to prevent complications and ensure effective treatment, 

highlighting the need for improved diagnostic approaches [5]. Traditional diagnostic methods, including 

https://creativecommons.org/licenses/by-sa/4.0/
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laboratory blood tests and imaging techniques such as ultrasound (US), computed tomography (CT), and 

magnetic resonance imaging (MRI), are widely used to detect thyroid abnormalities [6]. 

Blood tests assess hormone levels to determine thyroid function, while imaging provides insights 

into structural anomalies [7]. However, these methods are often dependent on human expertise and 

interpretation, which can result in inconsistent outcomes and increased diagnostic errors [8].  

Recent developments in deep learning (DL) [9] and machine learning (ML) [10] have demonstrated promise 

in tackling these issues by facilitating automated, data-driven interpretation of medical imagery and patient 

data [11]. Algorithms such as support vector machines (SVM), random forests (RF), and convolutional 

neural networks (CNN) [12] can extract patterns from complex datasets, offering higher accuracy, efficiency, 

and objectivity compared to traditional methods [13]. Nevertheless, current models often focus either on 

feature extraction or classification alone and may fail to integrate both optimally, limiting their performance 

in real-world clinical scenarios [14]. To address these challenges, this study proposes a novel temporal 

conditional-Markov random field (TC-MRF) for thyroid disorder detection. The key contributions of this 

research are multi-modality images were obtained from the ImageNet dataset. ImageNet is a large-scale 

annotated database that provides high-quality, full-resolution images across diverse categories. Using this 

dataset ensures variability and richness in input samples, thereby enhancing the generalization ability of the 

proposed TC-MRF framework. The multi-modality images are preprocessed by CSAGS filter to enhance the 

image quality and reduce the noise artifacts. In order to extract multi-level discriminative features from  

low-level texture and edge patterns to high-level semantic representations of thyroid abnormalities, the 

denoised images are fed into a CNN. Based on the extracted features, the RF classifies thyroid disease into 

four classes: normal, hypothyroidism, hyperthyroidism, and thyroid nodules. In comparison to single 

classifiers, it improves accuracy, robustness, and generalization by constructing several decision trees and 

combining their outputs by majority voting. The efficiency of the proposed TC-MRF model was evaluated 

based on the criteria, includes F1-score, precision, recall, specificity, and accuracy. 

This structure of the paper is organized as follows: section 2 explains the literature survey in detail. 

Section 3 explains the proposed TC-MRF method. Section 4 explains the results and discussion. Section 5 

explains the conclusion and future work. 

 

 

2. LITERATURE SURVEY  

In recent years, several researchers have proposed diverse frameworks aimed at enhancing the 

precision of thyroid disease classification in patients. This section provides a concise analysis of some of 

these approaches. 

i) Topsir et al. [15] suggested a sophisticated ML method that combines Kolmogorov-Arnold networks 

(KANs) for classification with generative adversarial networks for data augmentation. Multilayer 

perceptrons (MLP), logistic regression (LR), RF, SVM, and KANs were among the ML models that 

were trained and assessed. In particular, the KAN model outperformed CNN applications with an AC of 

98.68% and an RF F1-score of 98.00%. 

ii) Sharma et al. [16] suggested that a pre-trained model like Mixer-MLP, DeiT, and Swin Transformer is 

utilized for feature extraction. To solve problems with class imbalance, the proposed method combines 

an ensemble model with stratified over-sampling. The optimal values are 92.83%, 87.76%, 97.66%, 

88.89%, 0.9551, and 0.9357 for accuracy, precision, recall, specificity, F1-score, and ROC-AUC score. 

iii) Xiang et al. [17] suggested a multi-attention guided UNet (MAUNet) for segmenting thyroid nodules. It 

uses a multi-scale cross attention (MSCA) module for the initial visual feature extraction step. The 

model is trained utilizing the federal learning approach to protect privacy. The model Dice scores on the 

three center datasets are 0.908, 0.912, and 0.887, respectively, based on the experimental findings. 

iv) Raza et al. [18] suggested an artificial intelligence-based method for thyroid disease early detection. In 

order to diagnose thyroid disease and address issues with class imbalance, this study used a fine-tuned 

light gradient booster machine technique and the nominal continuous synthetic minority oversampling 

strategy for data balancing. In comparison to the state-of-the-art technology, the proposed synthetic 

minority over-sampling technique-nominal and continuous-light gradient boosting machine (SMOTE-

NC-LGBM) methodology achieved high accuracy performance ratings of 0.96. 

v) Uddin et al. [19] suggested a hybrid feature selection technique for thyroid disease prediction that is 

based on ensemble ML. To choose the best thyroid prediction outcome, we used five ML models in 

addition to the Ensemble ML classifier. Using the extreme gradient boosting (XGBoost) and 

SelectKBest feature selection methods, the ensemble ML classifier achieves the best results on hard 

voting on RF and DT with 100% recall and 99.71% accuracy. 

vi) Akter and Mustafa [20] suggested a method for feature significance analysis and model explanation that 

has been investigated both locally and globally utilizing explainable artificial intelligence (XAI) tools. 
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Lastly, the domain experts confirm the XAI results. According to experimental data, our suggested 

mechanism may accurately explain the models and is useful in detecting thyroid illness. 

vii) Kesavulu and Kannadasan [21] proposed a better bio-inspired method for thyroid prediction using ML. 

In order to increase the accuracy of thyroid disease prediction, this work explores the use of several ML 

and DL techniques, including RF, decision tree, SVM, and KNN. The RF with particle snake swarm 

optimization (PSSO) model achieved 98.7% accuracy, 98.47% F1-score, 98.51% precision, 98.7% 

recall, and 98% specificity. 

viii) Banerjee et al. [22] proposed a hybrid DL strategy that combines statistical validation with deep feature 

attention to improve thyroid US segmentation. TATHA is a novel DL architecture that the researchers 

created by the goal of increasing the accuracy of thyroid US image segmentation. The results validate 

that TATHA is now a vital tool for thyroid imaging and clinical applications for researchers  

and physicians. 

Based on the reviewed literature, various DL and ML approaches have been developed for thyroid 

disease classification. However, these methods still face several limitations, such as high computational 

complexity, dependency on synthetic data augmentation that may not fully represent real-world cases, 

persistent class imbalance issues despite oversampling strategies, restricted generalizability due to limited or 

single-center datasets, and challenges in clinical integration caused by a lack of interpretability. To address 

these shortcomings, the TC-MRF model is proposed as a more effective and reliable solution for thyroid 

disease classification. 

 

 

3. PROPOSED METHOD 

In this section, the TC-MRF model is utilized to classify thyroid disease. Figure 1 displays the 

general structure of this proposed TC-MRF model. The model enables effective classification through its 

integrated framework. 

 

 

 
 

Figure 1. Proposed TC-MRF model 

 

 

3.1.  Dataset description  

Images are represented by the ImageNet ontology based on the WordNet model. The goal of 

ImageNet is to add 500-1,000 high-quality, full-resolution images on average to each of the 80,000 subsets of 

WordNet. This will result in millions of annotated images arranged in WordNet semantic hierarchy. 

Gathering patient images for every subset is the initial step in ImageNet. Eventually, ImageNet provides  

500-1,000 clean images. Consequently, it gathers a big collection of patient images.  

 

3.2.  Data pre-processing 

Medical images are improved by pre-processing by lowering noise and adjusting highlighting. A 

straightforward method for enhancing images is called contrast stretching, which increases an image’s 

contrast by widening its range of intensity values. This is particularly useful for images with low contrast, 

which can result from poor illumination or other acquisition problems. It indicates the image’s lowest and 

maximum intensity values. Mathematically, for pixel intensity I as in (1). 
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𝐼𝑛𝑒𝑤 =
𝐼−𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥−𝐼𝑚𝑖𝑛
 ×  (𝐼𝑛𝑒𝑤−𝑚𝑎𝑥 − 𝐼𝑛𝑒𝑤−𝑚𝑖𝑛) + 𝐼𝑛𝑒𝑤−𝑚𝑖𝑛 (1) 

 

The term adaptive Gaussian star filter combine the concepts of adaptive filtering, Gaussian filtering, and star 

filtering. This filter adaptively applies Gaussian smoothing to enhance star-like features in an image. 
 

3.3.  Feature extraction  

CNN [23] is used to extract the feature of the image. CNN, with its capacity to automatically 

analyze and extract complicated information from medical images, for identifying thyroid disease. In the 

CNN architecture, a convolution layer is a basic element that usually combines linear and nonlinear 

operations. In this application, a collection of thyroid images, such as US, CT, or MRI images, that had 

labelled with particular thyroid diseases, is used to train CNNs. The network architecture typically includes a 

large number of convolutional layers to capture spatial hierarchies in the data, pooling layers to reduce 

dimensionality while preserving crucial information, and fully connected layers to produce final predictions, 

as shown in Figure 2. In the training phase, the CNN picks up on characteristics and patterns that points the 

various thyroid diseases, such as nodules, hypothyroidism, and hyperthyroidism. Convolution layers employ 

filters to extract local features from images, including edges, textures, and other patterns. Maps are 

parameterized by the number of convolutional layers. An image is classified using a CNN based on features 

extracted from raw pixel data using filters. ML classifiers such as RF are used to enhance the performance of 

this feature extraction process. 
 

 

 
 

Figure 2. Structure of CNN 
 
 

3.4.  Classification  

RF [24] combines several decision trees to produce more accurate predictions. Thyroid illness 

detection with ML works well with RF. It is possible to train RF with features that are retrieved from images, 

like shape descriptors, texture attributes, and color histograms. A thyroid disease detection process begins 

with the collection and preprocessing of relevant data, including thyroid hormone levels and US features. 

This data is then separated into training and testing sets in order to build and evaluate the RF model. During 

training, the model learns to classify thyroid conditions by analyzing various features, with hyperparameters 

such as the quantity and depth of trees being optimized. After training, the performance is evaluated to 

understand its impact on predictions. RF offers benefits such as high accuracy and robustness against noisy 

data, though they can be computationally demanding and complex to interpret. Final prediction 𝑦̂ is 

determined by majority as in (2). 
 

𝑦̂ = 𝑚𝑜𝑑𝑒(𝑦1′ … 𝑦𝑟) (2) 
 

The average of the predictions produced by each individual tree is the final prediction in regression. 

The equation is given in (3). 
 

𝑦̂ =  
1

𝑇
 ∑ 𝑦𝑡

𝑇
𝑡=1  (3) 

 

Where 𝑦𝑡  is the prediction made by the t-th tree. T represents the forest's total tree count. The majority vote 

determines the final anticipated class label, 𝑦̂. To address the challenges outlined in the Introduction, the 

proposed methodology employs advanced pre-processing with Gaussian–median filtering, optimized feature 

extraction using InceptionResNet, and classification through an interpretable generalized additive neural 

network. These components improve data quality, capture discriminative features, and ensure robust, 

transparent decision-making, as demonstrated by superior accuracy and reliability in disease prediction. 
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4. RESULTS  

The proposed TC-MRF is evaluated using the gathered datasets in order to determine its specificity, 

precision, recall, accuracy, and F1-score, among other metrics. Performance of TC-MRF and the overall 

accuracy rate, which is specifically defined and assessed, are included in the benchmark.  

Figure 3 shows the outcome of the proposed TC-MRF with a sample of three different imaging 

modality such as CT, MRI, and US, for identifying the thyroid classification. From the collected ImageNet 

dataset, the medical image is preprocessed by contrast stretching, adapted to eliminate the unwanted 

distortions. The preprocessed images are then sent through a CNN. Classification results from the CNN 

might be further refined or complemented by using an RF classifier. The output images are captured and used 

as input for TC-MRF to classify the thyroid disease. 
 

 

 

 
 

Figure 3. Experimental result of TC-MRF model 
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4.1.  Performance analysis 

The proposed TC-MRF model efficiency can be evaluated utilizing the evaluation metrics of  

F1-score, precision, specificity, accuracy, and recall of TC-MRF.  

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑛𝑒𝑔

𝑇𝑛𝑒𝑔 + 𝐹𝑝𝑜𝑠
 (4) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑝𝑜𝑠

𝑇𝑝𝑜𝑠+𝐹𝑝𝑜𝑠      
 (5) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑝𝑜𝑠

𝑇𝑝𝑜𝑠+ 𝐹𝑛𝑒𝑔
 (6) 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑝𝑜𝑠+𝑇𝑛𝑒𝑔

𝑇𝑜𝑡𝑎𝑙 𝑛𝑜.  𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 
 (7) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2(
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
) (8) 

 

Where 𝑇𝑝𝑜𝑠  and 𝑇𝑛𝑒𝑔 represents the actual positives as well as negatives of one of the images. Negatives and 

false positives for the sample images are indicated by 𝐹𝑃𝑜𝑠 and 𝐹𝑛𝑒𝑔. The performance outcome obtained by 

the proposed TC-MRF for categorizing several thyroid disease detection classes, i.e., hypothyroidism, 

hyperthyroidism, thyroid nodules, and normal are exposed in Table 1. Proposed TC-MRF achieves 95.19% 

recall, 96.67% specificity, 95.87% precision, and 96.05% F1-score, respectively.  

Figure 4 illustrates the overall performance of the TC‑MRF model during training and testing, 

presented through the accuracy and loss curves plotted against the number of epochs. Figure 4(a) shows the 

accuracy of the testing and training, which also displays the epochs on the x- and y-axes. Based on accuracy 

of its testing and training curves, TC-MRF's accuracy level is 98.27%. The loss curve plotted against epochs 

is shown in Figure 4(b), showing that the loss reduces with increasing epochs. The proposed procedure  

yields an accurate result with a reasonably low loss of 1.73%. Tested and trained, TC-MRF exhibits  

good performance. 

 

 

Table 1. Performance assessment of the TC-MRF model 
Types  Accuracy Specificity Precision Recall F1-score 

Normal 98.41 95.12 96.24 96.25 96.19 

Hypothyroidism 99.23 94.27 96.12 95.48 95.48 

Hyperthyroidism 97.13 96.24 97.28 96.08 96.52 
Thyroid nodules 98.32 95.15 97.05 96.12 96.02 

 

 

  
(a) (b) 

 

Figure 4. Training and testing graph of the TC-MRF model of (a) accuracy curve and (b) loss curve 

 

 

4.2.  Comparative analysis 

The effectiveness of ML network was determined in order to verify that the TC-MRF had a high 

level of accuracy. The TC-MRF with LR, DT, and NB was compared and evaluated. With 98.27% accuracy 

rate, the TC-MRF outperformed the traditional ML networks. 
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Table 2 presents the performance comparison of several standalone models using metrics such as 

accuracy, specificity, precision, recall, and F1-score. The proposed TC-MRF outperforms all other models, 

achieving the highest overall accuracy of 98.27%. Compared to standalone models, TC-MRF improves 

accuracy by 8.92%, 7.19%, 2.10%, 5.00%, and 0.82% over DT, NB, LR, RF, and CNN, respectively, 

demonstrating the benefit of combining CNN feature extraction with RF classification. Similar hybrid  

CNN-RF and transfer-learning approaches have also shown improved diagnostic accuracy and robustness in 

medical imaging, validating the superior performance and reliability of the TC-MRF. 
 
 

Table 2. Performance comparison of standalone models and the proposed TC-MRF hybrid model 
Networks Accuracy Specificity Precision Recall F1-score 

DT [25] 89.53 88.75 86.25 85.30 85.70 
NB [26] 91.26 89.26 87.57 84.63 86.53 

LR [27] 95.22 92.13 90.62 90.85 94.18 

RF [28] 93.27 92.18 94.67 92.87 93.05 
CNN [29] 97.45 94.34 93.13 94.62 95.23 

TC-MRF (ours) 98.27 95.19 96.67 95.87 96.05 

 

 

Table 3 shows the number of experimental images taken during the process of testing various 

methods to determine their accuracy. The proposed TC-MRF improves the overall accuracy by 6.30%, 

4.11%, and 5.36%, better than NB, MLP, and DT, respectively. Comparing the proposed network to the 

existing technique, TC-MRF performs much better than the other methods. As a result, the proposed  

TC-MRF offers high reliability for detecting thyroid disease. 
 

 

Table 3. Comparative analysis of existing vs proposed TC-MRF model 
Authors Methods Accuracy (%) 

Mir et al. [30] NB 92.07 

Pal. et al. [31] MLP 94.23 

Yadav and Pal [32] DT 93 
Proposed TC-MRF 98.27 

 

 

Figure 5 shows the practical deployment of the proposed TC-MRF model within a clinical 

workflow. The multi-modality thyroid images from patients are processed through the TC-MRF model for 

accurate disease classification. The classified results are then communicated to hospital diagnostic systems to 

assist clinicians in decision-making. This automated process minimizes human error, reduces diagnosis time, 

and enhances reliability.  
 
 

 
 

Figure 5. Real-world deployment of TC-MRF in clinical workflow 
 

 

5. DISCUSSION  

The findings reveal that the proposed TC-MRF model, which integrates CNN-based feature 

extraction with RF classification, achieves an accuracy of 98.27%, precision of 96.67%, and F1-score of 

96.05%. These results demonstrate its superiority over conventional models such as DT, NB, and LR, 

showing improvements of up to 8% in accuracy. The hybrid DL ensemble approach effectively captures both 

spatial and contextual features from multimodal images, ensuring robust and reliable thyroid disease 
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classification. This enhanced performance suggests strong potential for clinical decision support, enabling 

early detection, reducing diagnostic errors, and supporting radiologists in routine diagnosis. The model could 

also support telemedicine by enabling remote diagnosis, facilitating early screening, and integrating with 

electronic health record systems for streamlined reporting and clinical decision-making. Furthermore, careful 

consideration of ethical implications, data privacy, and clinical validation is essential to ensure unbiased 

predictions, protect patient data, and validate the model across diverse populations. Incorporating explainable 

AI and federated learning in the future can further enhance interpretability, privacy, and scalability for 

telemedicine applications. 

 

 

6. CONCLUSION 

In this research, the TC-MRF model is proposed for classifying thyroid diseases. The input images 

are gathered from the ImageNet datasets. To remove noise artifacts from the input images, a  

contrast-stretching adaptive Gaussian star filter is applied during pre-processing. To extract the feature, the 

preprocessed image is fed into a CNN. The extracted feature from CNN is used to classify the thyroid 

disease. To evaluate the effectiveness of the parameters, such as recall, F1-score, accuracy, precision, and 

specificity, TC-MRF is utilized. Proposed RF increases the overall accuracy by 8.1%, 7.15%, and 2.1% of 

decision trees, naive Bayes, and LR. As a result of experimental results, the proposed approach detects 

thyroid illness within an accuracy range of 98.27%. The proposed TC-MRF improves the overall accuracy by 

6.30%, 4.11%, and 5.36%, better than DT, NB, and LR, respectively. In the future the proposed TC-MRF 

increase its accuracy and detect the grades of thyroid disease. 
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