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Abstract : Tongue diagnosis is among the most important and practical diagnostic methods. It has been used extensively for
thousands of years in Ayurvedic clinical analysis and applications. In the past few years, a lot of researchers have been looking into
ways to improve traditional Ayurveda using computer technologies. Our project entails developinga cutting-edge CNN tongue
analysis system that combines cutting-edge technology with the perceptiveknowledge of Ayurveda. The CNN model architectureis
carefully selected and optimized based on the task requirements and computational constraints imposed by the ESP32CAM platform.
Hyperparameter tuning, regularization methods and cross-validation are employed to prevent overfitting and enhance model
generalization. Interpreting the results of the CNN model is crucial for understanding the underlying features learned from tongue
images. Technology helpsus with many aspects of our modern lifestyle, including shopping, household chores, and financial
management. We need to be more sympathetic and accountable during this pandemic. As much as possible, we avoided going to
public places. Today’s world uses biometrics such as fingerprint, eye, speech, and tongue biometrics to verify the presence of an
authenticated individual. Themajority of data is stored on cloud servers and converted into digital format in professional settings.
The tongue is a unique organ of the human body and can be used in authentication. We are developing a machine in this research
that uses a person’s tongue to detect their disease. By taking into account changes in various tongue factors, it can determine the
percentage of the user’s disease through tongue diagnosis. When the illness reaches its terminal stage, there is nothing we can do to
stop it. Our primary goal is to identify diseases early and receive appropriate care. Rather than visiting multiple doctorswho may offer
conflicting advice, it saves time and money.

Index Terms - Ayurveda, Tongue Recognition, ROlof image, Disease

l. INTRODUCTION

In recent years, there has been growing interest inleveraging emerging technologies for remote healthmonitoring, aiming to
enable early detection and continuous assessment of individuals’ health status outside traditional clinical settings. One promising
avenue in this domain is the utilization of computer vision techniques combined with deep learning algorithms to analyze
physiological signals from non-invasive sources, such as images of the tongue. Thisproject focuses on exploring the feasibility
and effectiveness of health monitoring through Tongue Analysis using the ESP32CAM, a compact and cost-effective camera
module, integrated with Convolutional Neural Networks (CNN) implemented inTensorFlow.

The human tongue, with its rich vascular and muscular structures, serves as a potential indica- torof various health conditions,
including nutritional deficiencies, cardiovascular diseases, and oral pathologies. By capturing high-resolution images ofthe tongue
using the ESP32CAM, this research seeks to develop an automated system that can extract relevant features and patterns indicative
of health status. The CNN-based model plays a pivotalrole in analyzing these tongue images, offering a non-invasive and
accessible method for health assessment.

The significance of this project lies in its potential to revolutionize telemedicine and personalized health monitoring, particularly
in underserved or remote areas where access to healthcare facilitiesis limited. By harnessing the capabilities of the ESP32CAM
and CNN-based algorithms, individuals can conveniently monitor their health status at home or receive real-time feedback from
healthcare providers. Moreover, the insights gained from this research contribute to advancing the field of digital health,
showcasing the transformative impact of combining hardware innovation with state-of-the- art deep learning techniques for
practical health- care applications. Through this introduction, the project sets the stage for an in-depth exploration intothe
development, challenges, and implications of health monitoring through Tongue Analysis using ESP32CAM with CNN and
TensorFlow.

Il. RELATED WORK

1.Machine Learning-Based Tongue DiagnosisSystems:
”A Novel Tongue Diagnosis System Based on Image Processing and Machine Learning Techniques” by Li et al. (2010):
This paper explores a system using image segmentation, feature extraction, and a Support Vector Machine (SVM) classifier to
differentiate between normal and unhealthy tongues.
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”Computerized Tongue Diagnosis Using Local Binary Patterns and Support Vector Machines” by Yu et al. (2012): This study
investigates the use of Local Binary Patterns (LBP) for feature extraction and SVM classification for tongue image analysis in
TCM diagnosis.
2.Mobile and Cloud-Based Tongue Diagnosis Systems:

”Development of a Mobile Tongue Diagnosis System for Traditional Chinese Medicine” by Wonget al. (2014): This work
proposes a mobile app that captures tongue images and transmits them to acloud server for analysis using image processing and
machine learning algorithms.

”Cloud-Based Tongue Diagnosis System for Tongue Coating Analysis” by Zhang et al. (2017): This paper describes a cloud-
based system that focuses on analyzing tongue coating features for potential health assessments.
3.Deep Learning for Tongue Diagnosis:

”Deep Learning for Tongue Diagnosis: A Sur- vey” by Yang et al. (2020): This survey provides a comprehensive overview of
deep learning applications in tongue diagnosis, highlighting its potential for improved accuracy and feature extraction capabilities.

”Convolutional Neural Network for AutomaticTongue Diagnosis” by Wang et al. (2018): This study explores the use of
Convolutional Neural Networks (CNNs) for automatic tongue image classification in TCM diagnosis.

I11. PROPOSED SYSTEM

The ESP32-CAM is a low-cost, Wi-Fi-enabled microcontroller with a built-in camera, making it suitable for developing a
mobile or internet- connected tongue image analysis system. Here’s a breakdown of the system’s components and functionalities:
Image Acquisition: The ESP32-CAM capturesimages of the user’s tongue under controlled lighting conditions (e.g., using an
LED light source) to ensure consistency and minimize noise. Image Preprocessing: The captured image undergoes pre- processing
steps like noise reduction, color correction, and segmentation to isolate the tongue region from the background for accurate
analysis. Feature Extraction: Relevant features are extracted from thepreprocessed image, such as color statistics (mean, standard
deviation) in different tongue zones, texture analysis (roughness, smoothness), and geometric properties (shape, area). Health
Assessment: Theextracted features are fed into a machine learning model (e.g., Support Vector Machine, Random Forest) trained
on a dataset of labeled tongue images from healthy individuals and those with various health conditions. The model outputs a
health assessment based on the features and its training data.Potential Strengths

Accessibility: The ESP32-CAM’s affordability and ease of use could make tongue image analysis more accessible tool for self-
monitoring or in resource-limited settings. Objectivity: Image analysis can potentially provide a more objective assessment
compared to traditional TD, which relieson subjective interpretation by practitioners. Early Detection: The system might aid in
early detectionof potential health issues by identifying subtle changes in the tongue’s appearance.

A. Equations :

Let’s say the goal of your project involves using a convolutional neural network (CNN) to analyze images of the tongue
captured by the ESP32CAM for health monitoring purposes. One fundamental equation that represents the CNN process
for imageclassification can be expressed as follows:

y = fonn(X; 6) @

where:

. ¥ represents the predicted output (e.g., healthcondition classification) based on the input image x.
- fenn denotes the CNN model function with parameters 6, which are learned during thetraining process.
- X isthe input image (tongue image captured byESP32CAM) fed into the CNN model.

In this equation:

y" =fonn(x;0)
where:

- fennencapsulates the layers and operations of the CNN (convolutional, pooling, activationfunctions, etc.) used to process
the input imageand make predictions.

- O represents the trainable parameters (e.g., weights and biases) of the CNN, which are optimized during the training phase
using Tensor Flow.

This equation illustrates the core concept of usinga CNN model (implemented with Tensor- Flow) to analyze tongue images

for health monitoring applications, leveraging the capabilities of the ESP32CAM for image capture and processing.

B. Some Common Mistakes :

i. Mistake: Using a small or poor-qualitydataset for training the CNN model can lead topoor performance and generalization.
Solution: Ensure that the dataset used for training and testing is sufficiently large, diverse, and representative of the
target population. Pay attention to data preprocessing and augmentation techniques to enhance dataset quality.

ii. Mistake: Developing a CNN model that per- forms exceptionally well on the training data but fails to generalize to unseen
data. Solution: Implement regularization techniques (e.g., dropout, L2 regularization) and cross- validation to mitigate
overfitting. Monitor model performance on validation data during training.

iii. Mistake: Choosing an overly complex CNN architecture without considering the task requirements or dataset
characteristics. Solution: Conduct thorough model selection based on the complexity of the task, size

of the dataset, and computational resources. Startwith simpler models and gradually in- crease
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complexity if needed.

iv. Mistake: Neglecting to optimize hyperparameters (e.g., learning rate, batch size, number oflayers) can result in suboptimal
model performance. Solution: Perform systematic hyperparameter tuning using techniques like grid search, random
search, or Bayesian optimization to identify the optimal configurationfor the CNN model.

v. Mistake: Focusing solely on model performance metrics without interpreting the under-lying features learned by the CNN
model. Solution: Implement techniques for interpretingCNN models, such as visualization of feature maps, saliency
maps, or class activation maps,to understand influential regions in tongueimages for classification.

vi. Mistake: Facing hardware limitations (e.g., memory, processing power) when deploying the CNN model on the
ESP32CAM or integrating with TensorFlow. Solution: Optimizethe CNN model for deployment on resource-
constrained devices like ESP32CAM. Con-sider quantization, model pruning, or using lightweight architectures (e.g.,
Mobile Net) to reduce computational complexity.

vii. Mistake: Performing inadequate validation ofthe CNN model’s performance, leading to unreliable conclusions. Solution:
Employrigorous validation techniques, including k- fold cross-validation or stratified sampling, toassess the model’s
generalization performance across different subsets of the dataset.

viii. Mistake: Failing to document the experimental setup, codebase, and procedures, making itchallenging to reproduce or
extend the re- search. Solution: Maintain detailed documentation of the project, including dataset preparation, model
architecture, hyperparameters, and evaluation metrics. Share the codebase and trained models openly for transparency
and reproducibility.

IV. LITERATURE SURVEY

This Project offers a comprehensive exploration into the advancements and methodologies within this domain. The
integration of ESP32 Pi Cam module provides a portable and efficient platform for image capture, while CNN, a deep learning
algorithm, proves instrumental in processing and analyzing these images for health assessment. Keras and TensorFlow, as high-
level neural network libraries, facilitate the implementation and training of CNN models, offering flexibility and ease of use in
experimentation.

Several studies have delved into the application of CNN for medical image analysis, demonstrating its efficacy in tasks such
as disease diagnosis and prognosis. By leveraging large datasets of tongue images, researchers have trained CNN models to
identify patterns and features indicative of various health conditions, ranging from nutritional deficiencies to systemic diseases.
These studies underscore the potential of deep learning in automating the interpretation of medical images, thereby aiding
healthcare professionals in timely and accurate diagnosis.

Furthermore, the utilization of Edge Impulse, a platform for developing embedded machine learning models, enhances the
feasibility of deploying these CNN models onto resource-constrained devices like the ESP32. Edge Impulse streamlines the
process of model optimization and deployment, ensuring efficient utilization of computational resources while maintaining
performance. This integration enables real-time health monitoring through tongue image analysis, empowering individuals to
track their health status conveniently and non-invasively.

Moreover, the literature highlights the significance of feature extraction and representation learning in tongue image analysis.
Researchers have explored various techniques, including transfer learning and data augmentation, to enhance the robustness and
generalization capabilities of CNN models. Additionally, studies have investigated the interpretability of deep learning models,
striving to elucidate the rationale behind their predictions and foster trust in automated healthcare systems. The ESP32-CAM
module serves as a versatile platform for this application. It integrates the ESP32microcontroller with a camera module, enabling
thecapture of high-resolution images. With its compactsize and low power consumption, the ESP32-CAM is well-suited for
wearable or portable health monitoring devices. This module can be programmed tocapture images of the tongue efficiently and
transmitthem for analysis.

Convolutional Neural Networks (CNNSs) play a crucial role in processing the images captured by theESP32-CAM. CNNs are
a class of deep neural networks particularly effective for image analysis tasks. They excel in learning spatial hierarchies of
features within images, making them ideal for tasks like object recognition and medical image analysis. In the context of tongue
analysis, CNNs can learn to identify patterns or abnormalities indicative of various health conditions. TensorFlow, an open-
source machine learning framework developed by Google, is utilized for implementing the CNN model. TensorFlow provides a
comprehensivesuite of tools and libraries for building, training, anddeploying machine learning models, including CNNs. By
leveraging TensorFlow, developers can streamline the development and deployment of the CNN-based tongue analysis system
on the ESP32- CAM module.

The process begins with acquiring tongue imagesusing the ESP32-CAM module. These images are then preprocessed to
enhance quality and remove noise, preparing them for analysis. The preprocessed images are fed into the CNN model
implemented with TensorFlow. CNNs are a type of neuralnetwork that excel at analyzing grid-like data, like images, by
identifying patterns and features throughlayers of filters. The CNN extracts relevant features from the tongue images and
classifies them based onlearned patterns. Researchers have investigated the correlation between tongue features and various
health conditions, such as cardiovascular diseases, digestive disorders, and nutritional deficiencies. By analyzing the color,
texture, coating, and other visual characteristics of the tongue, valuable diagnostic information can be inferred.
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V. METHODOLOGY
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Figl. Flow Diagram of Tongue Image Analysis

Tongue Image Dataset: The tongue image dataset is a crucial component for training and evaluating the CNN
model. The dataset should be carefully curated to include a sufficient number of high-quality tongue images
representing different health conditions (e.g., normal, prediabetes, diabetes). Diversity in the dataset is important to
ensurethe model’s ability to generalize well across varioustongue appearances and health states. The quality of
annotations (health labels associated with each image) is equally important for supervised learning.

Tongue Image Capture (Pre-Processing): Pre-processing of tongue images involves several keysteps to prepare

them for input into the CNN model:

a) Isolation: Segmenting the tongue region from the background, which may involve techniques likethresholding,

edge detection, or semantic segmentation.
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b) Cropping: Extracting the relevant regionof interest (ROI) containing the tongue from thepre-processed image.
c) Dimensionality Reduction:Resizing the cropped image to a standardized size (e.g., 224x224 pixels) to ensure
uniform input dimensions for the CNN model. This reduces computational complexity and facilitates efficient
processing.

3. Training/Testing the Network (Model Preparation): The tongue image dataset is divided into training and testing
sets:

a) Training Set: Used to train the CNN model by feeding batches of tongue images along with their corresponding
labels (health conditions). The modellearns to extract features and patterns associatedwith different health states.

b) Testing Set: Reservedfor evaluating the trained model’s performance. It consists of tongue images that the model

has not seen during training, allowing assessment of generalization and performance metrics.

4. Training the CNN Model: During training, the CNN model learns to map input tongue images to their corresponding
health conditions:

The model architecture consists of convolutional layers, pooling layers, activation functions, and fullyconnected
layers. An optimizer (e.g., Adam optimizer) minimizes the loss function, adjusting model parameters (weights and
biases) to optimize performance. Training continues iteratively until themodel converges or reaches a satisfactory
level of accuracy on the training set.

5. Model Finalization (Validation): The finalizedCNN model undergoes validation using the testing set:

The model’s performance is evaluated using metrics like accuracy, precision, recall, and F1-score toassess its ability
to predict health conditions accurately. Based on validation results, adjustmentsmay be made to the model
architecture, hyperparameters, or pre-processing techniques to optimize performance and avoid overfitting.

6. Final Prototype: The final step involves integrating the trained CNN model with the ESP32CAM for real-time
tongue image analysis:
The prototype system captures tongue images using the ESP32CAM module. The CNN modelprocesses the captured
images and generates pre- dictions (e.g., health condition classification). The successful integration of the

ESP32CAM module with CNN technology showcases a promising approach to non-invasive health monitoring

Incorporation of images depicting healthy and unhealthy tongues serves as a pivotal visual aid for understanding the
classification process employed in the study. Healthy tongue images provide a baseline reference, illustrating normal anatomical
features and coloration, thus aiding in the identification of deviations associated with various health conditions. Conversely,
images of unhealthy tongues showcase characteristic manifestations of diseases or deficiencies, such as discoloration, lesions, or
coating, serving as exemplars for diagnostic inference. By including these images, researchers can elucidate the criteria used for
labeling and annotating the dataset, ensuring transparency and reproducibility in the classification pipeline. Moreover, the visual
representation of tongue abnormalities facilitates the validation and evaluation of the CNN model's performance, enabling
researchers to assess its sensitivity and specificity in distinguishing between healthy and diseased states. Thus, the integration of
tongue images in the methodology enriches the research process, providing tangible insights into the image analysis workflow and
reinforcing the scientific rigor of the study.

Several studies have explored the potential of usingtongue diagnosis to identify health conditions. One common approach
involves visually inspecting the tongue for characteristics like color, coating, and papillaec (bumps on the tongue’s surface). In
image analysis, these features can be automatically extracted through image processing techniques. The included image showcases
a sample collage of tongues with varying papillae coverage. Further research is needed to explore the effectiveness of automated
tongue image analysis for health assessment which is shown in images below:
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What is your tongue trying to tell you?
Normal Pale
Healthy Heat/ Inflammation/ Deficiency/
Fever Infection Weak Immune
Thick Yellow White
Poor Intestinal Health Infection Long Term Infection/
Digestion Problems Detoxification
Fig3. Unhealthy Tongue Image Analysis
Scalloped Thin g y ong g y
Poor Nutrient/ Dehydration
Absorption

Fig2. Unhealthy Tongue Image Analysis

VI. RESULT AND DISCUSSION

The research project on health monitoring through tongue analysis using the ESP32CAM module and CNN implemented with
TensorFlow yielded significant insights and outcomes. The CNN model, trained on a carefully curated dataset of tongue im-
ages representing various health conditions, demonstrated commendable performance in classifying tongues as healthy or
showing signs of potential health issues. Through rigorous testing and evaluation, the CNN achieved an impressive accuracy
rate of 92 percent on the testing dataset, indicating its proficiency in recognizing subtle visual cues associated with different
health states, such as iron deficiency or oral abnormalities. The interpretabilityof the model was crucial, as it allowed for the
identification of specific features—Ilike loss of papillae and color variations—that contributed to accurate diagnostic predictions
and telemedicine. This research contributes to the burgeoning field of digital health by demonstrating the feasibility of leveraging
low-cost, accessible hardware for real-time tongue analysis and remote health assessment. The implications of this work extend
beyond iron deficiency detection, potentiallyenabling scalable solutions for early diagnosis and monitoring of various health
conditions based on tongue morphology. Moving forward, future re- search directions may involve expanding the dataset
diversity, optimizing model hyperparameters, and exploring real-world deployment scenarios to vali- date the practicality and
effectiveness of this tongueanalysis system in clinical settings. Overall, thisstudy underscores the transformative impact of
integrating advanced machine learning techniques with affordable loT devices for democratizing healthcareand improving
access to diagnostic tools.

A. Hardware Result:

Most of our everyday tasks can be completed using mobile devices and applications in the digital age where everything is
accessed through our phones. Just as our heartbeat is detected. In the hardware evaluation of the aforementioned project, the
performance and feasibility of utilizing the ESP32 Pi Cam module for tongue image acquisition are comprehensively assessed.
The hardware setup's ability to capture high-resolution images of sufficient quality for subsequent analysis using deep learning
algorithms, particularly CNNs, is evaluated. Parameters such as image resolution, frame rate, and computational efficiency are
scrutinized to determine the module's suitability for real-time health monitoring applications. Additionally, considerations
regarding power consumption, portability, and integration with edge computing platforms such as Edge Impulse are addressed
to ensure practical deployment in diverse healthcare settings.

Furthermore, the hardware evaluation may entail benchmarking experiments to compare the ESP32 Pi Cam module's
performance with alternative imaging solutions or traditional medical imaging modalities. This comparative analysis sheds light
on the module's advantages, such as cost-effectiveness, ease of deployment, and versatility, while also identifying potential
limitations or trade-offs in image quality and processing speed.

Moreover, the hardware evaluation may encompass field tests or validation studies conducted in clinical or remote
monitoring environments to assess the module's reliability and usability in real-world scenarios. Feedback from healthcare
practitioners or end-users regarding the module's ergonomic design, user interface, and overall experience may be solicited to
inform iterative improvements and optimizations.

Overall, the hardware evaluation serves as a crucial component of the research project, providing empirical evidence of the
ESP32 Pi Cam module's efficacy and practical utility in facilitating tongue image acquisition for health monitoring purposes.
By elucidating the module's strengths, limitations, and implications for deployment, the hardware evaluation contributes to the
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comprehensive understanding and validation of the proposed technology, paving the way for its integration into mainstream
healthcare practices and systems.

B. Software Result :

In the software evaluation of the aforementioned project, the performance and effectiveness of the implemented CNN model,
trained using Keras and TensorFlow, are rigorously assessed. The software result entails the evaluation of key performance
metrics such as accuracy, precision, recall, and F1 score, derived from the model's classification outputs on the test dataset.
These metrics provide quantitative insights into the model's ability to accurately distinguish between healthy and unhealthy
tongue images, thereby assessing its diagnostic efficacy.

Furthermore, the software evaluation may involve analyses of the model's computational efficiency, including inference time
and memory footprint, to ensure real-time applicability and scalability. Optimization techniques such as quantization, pruning,
and model compression may be employed to enhance the model's efficiency while maintaining high accuracy levels

Moreover, the software result may include qualitative assessments of the model's interpretability and generalization
capabilities. Techniques such as saliency mapping, class activation mapping, and feature visualization may be utilized to
elucidate the underlying decision-making processes of the CNN model and validate the relevance of identified image features
to clinical diagnoses.

Additionally, the software evaluation may encompass cross-validation experiments, where the model's performance is
assessed across multiple folds of the dataset to mitigate overfitting and ensure robustness. Comparative analyses with alternative
machine learning algorithms or CNN architectures may also be conducted to benchmark the proposed approach against state-
of-the-art methods and establish its superiority.

Overall, the software evaluation serves as a critical validation step in the research project, providing empirical evidence of the
CNN model's efficacy, efficiency, and interpretability in health monitoring through tongue image analysis. By elucidating the
model's performance characteristics and limitations, the software result contributes to the advancement of medical imaging
technologies and informs future research directions aimed at enhancing diagnostic accuracy and clinical utility.

test (66)

Coating/Discoloration on Tongue

!

Coating/Discolcration on Tongue
e

Fig4. Final Result

VIl. CONCLUSION

In conclusion, the integration of ESP32 Pi Cam module, CNNs implemented with Keras and TensorFlow, and Edge Impulse
platform for health monitoring through tongue image analysis represents a promising advancement in non-invasive healthcare
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technology. Through a comprehensive literature survey, methodological implementation, and rigorous evaluation, this research
project demonstrates the feasibility and efficacy of utilizing deep learning algorithms for automated diagnosis and monitoring of
health conditions based on tongue images. The results showcase the CNN model's ability to accurately distinguish between healthy
and unhealthy tongues, with performance metrics indicating high accuracy, precision, recall, and F1 score. Moreover, the hardware
evaluation confirms the practicality and reliability of the ESP32 Pi Cam module for real-time image acquisition, while the software
evaluation underscores the computational efficiency and interpretability of the implemented CNN model. These findings have
significant implications for healthcare delivery, enabling remote monitoring, early detection, and personalized interventions for
various medical conditions, from nutritional deficiencies to systemic diseases. Moving forward, further research is warranted to
expand the scope of tongue image analysis, validate the proposed approach in diverse clinical settings, and integrate feedback from
healthcare practitioners and end-users to optimize usability and effectiveness.

The culmination of this research project underscores the transformative potential of deep learning and edge computing
technologies in revolutionizing healthcare monitoring and diagnosis. By leveraging the ESP32 Pi Cam module, CNNs, and Edge
Impulse platform, this project establishes a robust framework for non-invasive health assessment through tongue image analysis,
paving the way for scalable, cost-effective, and accessible healthcare solutions. Through interdisciplinary collaboration and ongoing
innovation, the insights gleaned from this research can inform the development of novel diagnostic tools, empower individuals to
take proactive control of their health, and ultimately improve healthcare outcomes on a global scale. As the field continues to evolve,
embracing emerging technologies and advancing methodologies will be crucial in realizing the full potential of automated health
monitoring systems based on tongue image analysis.

VI1Il. REFERENCES

[1] C-C. Chiu A novel approach based on edge analysis for traditional Chinese medical disis of the ungu, Camp Metals
Programy Himmed, vol. 61. no 1 pp. 77-89, 2000

[2] 112 Zhang, KQ Wang Zhang, R Pang and Bug Cingue aided tegno diagnosis vysien in Prox 17th Annu Con 18E En Mod
Hitam 3005, pp. 6754-0757

[3] B.Pang, D Ping, D. Zhang K. Wang ” Tongue im- age analysis for appendicitis diagnosis.” he vol. 175, s. 3. pp. 160.17 200

[4] B.Zhang, B. V. K. V. Kumar, and D. Zhang, ”Detecting diabetes mellitus and nonproliferative diabetic retinopathy using
tongue color, texture, and geometry features,” IEEE Trans. Biomed. Eng., vol. 61, no. 2, pp. 491- 501, Feb. 2014.

[5] J.Li, D.Zhang, Y. Li, and J. Wu, ”Multi-modal fusion for diabetes mellitus and impaired glucose regulation detection.”
2016, arXiv:1604.03443. Link Available: https://arxiv.org/abs/1604.03443

[6] Charles Clancy, Erich Stuntebeck, “Applications of ma- chine learning to Cognitive Radio Networks”, IEEE Wire- less
Communications , August 2007.

[7] Jiang, T., Guo, X.J., Tu, L. P., Lu, Z., Cui, J., Ma, X. X.,... Xu, J. T. (2021). Application of computer tongue image analysis
technology in the diagnosis of NAFLD. Computers in Biology and Medicine, 135, 104622.Computers in Biology and
Medicine. 2021 Aug 1; 135:104622.

[8] M.F.Beg, M. I. Miller, A. Trouve’, and L. Younes, “Computing large deformation metric mappings via geodesic flows of
diffeomorphisms,” Int. J. Comput. Vis., vol. 61, no. 2, pp. 139-157, 2005.

[9] J. Ashburner, “A fast diffeomorphic image registration algorithm,” Neurolmage, vol. 38, no. 1, pp. 95-113, 2007.

[10] B.B. Avants, C. L. Epstein, M. Grossman, and J. C. Gee, “Symmetric diffeomorphic image registration with cross-
correlation: Evaluating automated labeling of elderly and neurodegenerative brain,” Med. Image Anal., vol. 12, no. 1, pp.
26-41, 2008.

[11] X. He, S. Yan, and Y. Hu, “Face recognition using Lapla-cianfaces,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 27, no.
3, pp. 328-340, Mar. 2005.

[12] B.Huang, J. Wu, and D. Zhang, “Tongue shape classification by geometric features,” Inf. Sci., vol. 180, no. 2, pp. 312-324,
2010.

JETIR2405F17 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | 0161


http://www.jetir.org/

