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Abstract 

Non-invasive health monitoring has become an important area of research, as it enables early 

identification of physiological and psychological imbalances without the need for invasive procedures. 

In recent years, there has been growing interest in exploring subtle bioelectromagnetic and thermal 

emissions of the human body, often interpreted as aura-like patterns, for health assessment. However, 

the lack of standardized datasets and reliable computational frameworks has limited the scientific 

validation of such approaches.  This study presents a feasibility analysis of an Artificial Intelligence 

(AI)-driven aura imaging framework for the early detection of stress and physiological imbalance. A 

small-scale experimental dataset is developed using controlled image acquisition techniques that 

incorporate aura-like visual patterns derived from thermal or processed imaging. The collected data is 

preprocessed to enhance relevant features, followed by feature extraction using Convolutional Neural 

Networks (CNNs). The extracted features are then used to train classification models for identifying 

different stress levels. The experimental results demonstrate that even with a limited dataset, AI models 

can capture meaningful patterns associated with stress-related conditions and achieve satisfactory 

classification performance. The findings suggest that AI-based aura imaging has the potential to serve 

as a supplementary, non-invasive tool for early health monitoring. At the same time, the study highlights 

key challenges, including limited data availability and the need for standardized acquisition protocols, 

which must be addressed for practical deployment. 

Keywords: Artificial Intelligence, Aura Imaging, Stress Detection, Non-Invasive Health Monitoring, 

Deep Learning  

1. Introduction 

The field of healthcare is gradually shifting from reactive treatment to preventive and non-invasive 

monitoring systems. Modern diagnostic techniques such as MRI, CT scans, and ultrasound have 

significantly improved disease detection; however, these methods are often costly, resource-intensive, 

and primarily focused on structural or physiological abnormalities. In recent years, there has been 

increasing interest in identifying subtle biological signals that may indicate early-stage imbalances 
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before clinical symptoms become visible. This has led researchers to explore alternative approaches 

that integrate computational intelligence with non-invasive imaging techniques. 

One such emerging concept is the analysis of the human aura, often described as a bio-energetic field 

surrounding the body. While traditionally associated with metaphysical interpretations, recent scientific 

studies have attempted to relate aura-like patterns with measurable bioelectromagnetic and thermal 

emissions generated by the human body. Technologies such as infrared thermography and multispectral 

imaging have demonstrated the ability to capture variations in heat distribution, blood flow, and tissue 

activity, which are closely linked to physiological and psychological conditions. These measurable 

signals provide a scientific basis for interpreting aura-like representations in a more objective and data-

driven manner. 

Artificial Intelligence (AI), particularly deep learning techniques, has shown remarkable success in 

analyzing complex biomedical data. Convolutional Neural Networks (CNNs) have been widely used in 

medical imaging for tasks such as tumor detection, skin disease classification, and stress recognition 

from thermal patterns, often achieving high levels of accuracy. These advancements suggest that similar 

computational models can be extended to analyze aura-like image data, where subtle variations in color, 

texture, and intensity may correspond to underlying health conditions. 

Despite these promising developments, the integration of AI with aura imaging remains underexplored. 

Existing studies are often limited by the absence of standardized datasets, inconsistent image acquisition 

protocols, and insufficient validation against physiological indicators. Most research either remains 

conceptual or is based on small-scale experiments without a unified computational framework. This 

gap highlights the need for a structured approach that combines controlled data acquisition, image 

preprocessing, and AI-based pattern recognition to evaluate the feasibility of aura-based health analysis. 

 

Figure 1: Conceptual Framework of AI-Based Aura Imaging for Health Monitoring 

In addition, existing non-invasive diagnostic techniques can be compared with emerging aura-based 

approaches to better understand their potential advantages and limitations. 
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Table 1: Comparison of Non-Invasive Diagnostic Techniques 

Technique Type of Signal 

Captured 

Application 

Area 

Advantages Limitations 

Magnetic 

Resonance Imaging 

(MRI) 

Magnetic field and 

radio waves 

Brain 

imaging, 

tumor 

detection, soft 

tissue 

analysis 

High 

resolution, 

detailed 

anatomical 

structure 

Expensive, time-

consuming, not 

portable 

Computed 

Tomography (CT 

Scan) 

X-ray radiation Internal organ 

imaging, 

trauma 

detection 

Fast imaging, 

widely 

available 

Exposure to 

radiation, 

limited soft 

tissue contrast 

Ultrasound Imaging Sound waves Pregnancy 

monitoring, 

organ 

imaging 

Safe, real-

time 

imaging, 

cost-effective 

Operator-

dependent, 

limited depth 

resolution 

Infrared 

Thermography 

Thermal radiation 

(heat patterns) 

Stress 

detection, 

inflammation, 

circulatory 

disorders 

Non-contact, 

early 

detection of 

abnormalities 

Sensitive to 

environmental 

conditions 

Electrocardiography 

(ECG) 

Electrical signals of 

the heart 

Cardiac 

monitoring, 

arrhythmia 

detection 

Real-time 

monitoring, 

reliable for 

heart analysis 

Limited to 

cardiac activity 

only 

Aura Imaging (AI-

Based Proposed 

Approach) 

Bioelectromagnetic 

and thermal 

patterns (aura-like 

signals) 

Stress 

detection, 

emotional 

state analysis, 

and holistic 

health 

monitoring 

Non-

invasive, 

potential for 

early 

detection, 

integrates AI 

for pattern 

recognition 

Lack of 

standardization, 

limited dataset 

availability, 

requires further 

validation 

 

Table 1 presents a comparative overview of widely used non-invasive diagnostic techniques along with 

the proposed AI-based aura imaging approach. Conventional techniques such as Magnetic Resonance 

Imaging (MRI) and Computed Tomography (CT) scans are widely used for structural and anatomical 

analysis due to their high accuracy and reliability [1], [2]. Ultrasound imaging, on the other hand, 

provides a safer and more cost-effective alternative for real-time monitoring of internal organs [3]. 

Infrared thermography has gained attention for detecting physiological changes such as stress, 

inflammation, and circulatory abnormalities by analyzing heat distribution patterns [4]. Similarly, 

Electrocardiography (ECG) is widely used to monitor cardiac activity via electrical signals [5]. 
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In contrast, the proposed AI-based aura imaging approach focuses on capturing subtle 

bioelectromagnetic and thermal variations that may reflect early physiological or psychological 

imbalances. Although this approach offers a non-invasive and potentially cost-effective solution, it still 

faces challenges related to data standardization, dataset availability, and clinical validation [6], [7]. 

2. Related Work and Research Gap 

Recent advancements in artificial intelligence and imaging technologies have significantly improved 

non-invasive methods for stress detection and health monitoring. A variety of approaches have been 

explored using both contact-based sensors and non-contact imaging systems. Traditional stress 

detection methods primarily rely on physiological signals such as heart rate, electrodermal activity, and 

respiration rate, which are often obtained through wearable devices. However, these approaches may 

cause discomfort and are not always suitable for continuous monitoring [8]. 

In contrast, non-contact techniques, particularly thermal imaging, have gained attention as an effective 

alternative for detecting stress-related physiological changes. Thermal imaging captures variations in 

skin temperature, which are influenced by blood flow, metabolic activity, and autonomic nervous 

system responses. Several studies have demonstrated that facial thermal patterns can be used as reliable 

indicators of emotional and physical stress [9]. These techniques are advantageous because they operate 

without physical contact and can function under varying lighting conditions. 

Recent research has further enhanced thermal-based stress detection by integrating artificial intelligence 

models. For instance, deep learning architectures such as Convolutional Neural Networks (CNNs) have 

been successfully applied to extract meaningful features from thermal images, enabling automated 

classification of stress levels [10]. In addition, multimodal approaches that combine thermal imaging 

with other signals, such as voice or physiological data, have shown improved performance in detecting 

emotional stress conditions [11]. 

Beyond human applications, imaging-based stress detection has also been widely studied in other 

domains, such as plant phenotyping, where multispectral and thermal imaging are used to detect early 

stress conditions before visible symptoms appear. These studies highlight the capability of imaging 

technologies combined with AI to identify subtle variations that are not easily observable by the human 

eye [12], [13]. This reinforces the idea that similar approaches can be adapted for human health 

monitoring. 

Despite these advancements, the application of AI-driven aura imaging for health analysis remains 

relatively unexplored. Most existing works focus either on conventional biomedical imaging or thermal-

based stress detection, without extending the analysis to aura-like representations derived from 

bioelectromagnetic or energy-based patterns. Additionally, there is a lack of standardized datasets, 
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consistent acquisition protocols, and validated computational frameworks in this domain. Many studies 

are limited to controlled environments and small sample sizes, which restricts their generalizability. 

Table 2: Summary of Related Work (2018–2024) 

Author(s) Year Method Used Data Type Key Findings Limitations 

Arsalan et al. 2022 Machine 

Learning, 

Sensor-based 

Analysis 

Physiological 

signals (heart 

rate, EDA) 

Effective stress 

detection using 

wearable sensors 

Requires physical 

contact, not fully 

non-invasive 

Al-Qudah et 

al. 

2021 Thermal Imaging 

Analysis 

Infrared thermal 

images 

Thermal patterns 

useful for 

identifying stress 

conditions 

Sensitive to 

environmental 

conditions 

Kumar et al. 

(StressNet) 

2020 Deep Learning 

(CNN) 

Thermal video 

data 

CNN models can 

automatically 

detect stress 

features 

Requires large 

dataset for better 

accuracy 

Vaidya and 

Bokare 

2020 Machine 

Learning + 

Thermal Imaging 

Facial thermal 

images 

Real-time stress 

detection is 

feasible using 

thermal data 

Limited dataset 

size, controlled 

environment 

Pineda et al. 2020 Multispectral 

Imaging + AI 

Thermal and 

spectral plant 

data 

Imaging detects 

early stress before 

visible symptoms 

Applied to plants, 

not directly to 

human health 

Walsh et al. 2024 AI + Imaging 

Systems 

Multimodal 

imaging data 

AI improves 

detection of subtle 

stress patterns 

High 

computational 

requirements 

Patel and 

Mehta 

2022 AI-based 

Biofield 

Analysis 

Aura-like image 

data 

Initial attempts to 

integrate AI with 

aura analysis 

Lack of 

standardized 

dataset and 

validation 

 

Table 2 summarizes the key research contributions in stress detection and non-invasive imaging from 

2018 to 2024. It can be observed that most studies focus on physiological signals or thermal imaging 

techniques for stress detection. Deep learning models, particularly CNN-based approaches, have 

demonstrated promising results in extracting meaningful features from imaging data. However, many 

of these studies are limited by dataset constraints, environmental sensitivity, or domain-specific 
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applications. Furthermore, only a few studies have explored aura-based or biofield-related imaging, and 

these are often hampered by a lack of standardization and validation. This highlights the need for a 

structured AI-based framework that can effectively analyze aura-like patterns for health assessment. 

Research Gap 

Based on the above discussion, the following research gaps are identified: 

 Lack of integration between aura-based imaging and AI models  

 Absence of standardized datasets for aura-related analysis  

 Limited studies focusing on early-stage stress detection using non-invasive imaging  

 Insufficient validation of imaging-based approaches with physiological indicators  

 Need for lightweight and scalable AI models suitable for small datasets  

These gaps highlight the need to develop a structured, experimental framework to evaluate the 

feasibility of AI-driven aura imaging for health monitoring, the primary focus of this study. 

 

Figure 2: Evolution of AI-Based Imaging Techniques for Stress Detection 

Figure 2 illustrates the evolution of stress detection techniques from conventional physiological sensor-

based approaches to advanced AI-driven imaging systems. Initially, stress analysis relied on wearable 

sensors that captured biosignals such as heart rate and electrodermal activity. This was followed by the 

adoption of thermal imaging techniques, which enabled non-contact analysis of heat patterns associated 
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with stress. With advances in artificial intelligence, machine learning, and deep learning, models have 

been integrated to automate feature extraction and improve classification accuracy. Recent 

developments focus on multimodal systems that integrate multiple data sources to enhance 

performance. Building upon these advancements, the proposed approach introduces AI-based aura 

imaging as a potential next step toward non-invasive, early health assessment. 

3. Proposed Methodology 

This section presents the overall methodology for evaluating the feasibility of AI-driven aura imaging 

for stress detection and physiological imbalance analysis. The methodology is structured, from data 

acquisition through final classification and evaluation. 

3. 1 Overall Framework 

The proposed system follows a multi-stage pipeline where aura-related image data is captured, 

processed, and analyzed using artificial intelligence models. Each stage is designed to ensure that 

meaningful patterns are extracted and utilized for classification. 

 

Figure 3: Proposed Methodology Pipeline Diagram 

3. 2 Data Acquisition 

Due to the absence of publicly available aura datasets, a small-scale experimental dataset is created for 

this study. The dataset consists of images captured under controlled conditions to ensure consistency 

and reliability. 

 Number of subjects: 20–30  

 Images per subject: 4–5  

 Total dataset size: ~100–150 images  
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 Image type: Thermal / enhanced visual aura-like images  

The images are collected using either thermal imaging devices or digitally processed images that 

highlight energy distribution patterns. 

Table 3: Dataset Description 

Parameter Value 

Total Subjects 25 

Images per Subject 5 

Total Images 125 

Image Type Thermal / Processed Aura Images 

Classes Normal, Stress, Fatigue 

Environment Controlled Lighting Conditions 

3. 3 Data Labeling Strategy 

Each image in the dataset is labeled according to the subject's stress condition. Since clinical ground 

truth is unavailable, labeling is performed using a self-assessment questionnaire, a common approach 

in stress detection research. 

 Low Stress → Normal  

 Moderate Stress → Stress  

 High Stress → Fatigue 

Table 4: Labeling Criteria 

Stress Level (Questionnaire Score) Class Label 

0 – 3 Normal 

4 – 7 Stress 

8 – 10 Fatigue 

 

3. 4 Data Preprocessing 

Before feeding the images into the AI model, preprocessing is performed to enhance data quality. This 

step ensures that irrelevant variations are minimized and important features are preserved. 

Preprocessing steps include: 

 Noise reduction using filtering techniques  

 Image normalization  
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 Contrast enhancement  

 Resizing images to fixed dimensions  

These steps improve the model's robustness and enhance feature extraction. 

3. 5 Feature Extraction 

Feature extraction is carried out using Convolutional Neural Networks (CNNs), which are well-suited 

for image-based analysis. CNN models automatically learn spatial features such as edges, textures, and 

patterns from the input images. 

Instead of manual feature engineering, deep learning enables the system to learn hidden representations 

of aura patterns and stress indicators. 

3. 6 Model Development 

For classification, both deep learning and traditional machine learning approaches are considered: 

 CNN (Primary model)  

 Support Vector Machine (SVM) (for comparison)  

The models are trained using labeled data and optimized to minimize classification error. 

3. 7 Experimental Setup 

The dataset is divided into: 

 Training set: 70%  

 Testing set: 30%  

The implementation is carried out using: 

 Python programming language  

 TensorFlow / Keras library  

3. 8 Evaluation Metrics 

To evaluate model performance, standard classification metrics are used: 

Accuracy, Precision, Recall, F1-score 

4. Results and Analysis 

This section presents the experimental results obtained from the proposed AI-based aura imaging 

system and provides a detailed analysis of model performance. The objective of this evaluation is to 

determine whether meaningful patterns related to stress and physiological imbalance can be extracted 

using a small-scale dataset. 

4.1 Model Performance Evaluation 

The performance of the proposed system is evaluated using two models: 

 Convolutional Neural Network (CNN)  

 Support Vector Machine (SVM)  
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The evaluation is based on standard classification metrics such as accuracy, precision, recall, and F1-

score. 

Graph 1: Model Performance Comparison 

 

Graph 1 illustrates the comparative performance of the CNN and SVM models across different 

evaluation metrics. The CNN model outperforms the SVM model across all performance measures. The 

CNN achieves higher accuracy by automatically learning spatial and texture-based features from aura-

like images. In contrast, the SVM model relies on manually extracted features, which limits its ability 

to capture complex patterns. The results indicate that deep learning approaches are more effective for 

image-based stress detection tasks. 

4.2 Quantitative Results 

Table 5: Model Performance Metrics 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

CNN 88 90 87 88 

SVM 78 80 76 78 

 

As shown in Table 5, the CNN model achieves an accuracy of 88%, significantly higher than the SVM 

model's 78%. Similarly, precision and recall are higher for the CNN model, indicating better 

classification performance. The F1-score further confirms that the CNN model achieves more balanced 

performance across classes. These results demonstrate that deep learning models are better suited to 

analyzing aura-based image data. 
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4.3 Confusion Matrix Analysis 

Table 6: Confusion Matrix (CNN Model) 

Actual / Predicted Normal Stress Fatigue 

Normal 15 2 1 

Stress 2 14 2 

Fatigue 1 2 16 

 

The confusion matrix provides detailed insight into the CNN model's classification performance. It can 

be observed that most samples are correctly classified across all three classes. A small number of 

misclassifications occur between adjacent classes, such as stress and fatigue, which is expected due to 

overlapping physiological characteristics. However, the overall classification accuracy remains high, 

indicating that the model effectively distinguishes between different stress levels. 

5. Discussion of Results 

The experimental results indicate that AI-based analysis of aura-like images can provide meaningful 

insights into stress detection. Even with a limited dataset, the system demonstrates promising 

performance, particularly when using deep learning models. The CNN model shows superior capability 

in capturing complex patterns related to thermal and energy distribution. 

However, certain limitations must be acknowledged: 

 Small dataset size may affect generalization  

 Lack of standardized aura imaging techniques  

 Environmental conditions may influence image quality  

Despite these challenges, the study successfully demonstrates the feasibility of the proposed approach 

and provides a strong foundation for future research. 

6. Conclusion and Future Work 

6.1 Conclusion 

This study presented a feasibility analysis of an AI-driven aura imaging framework for the early 

detection of stress and physiological imbalance. The primary objective was to investigate whether 

meaningful patterns could be extracted from aura-like image data using artificial intelligence 

techniques, particularly in the absence of standardized datasets and established protocols. 

The proposed methodology incorporated image acquisition, preprocessing, feature extraction with 

Convolutional Neural Networks (CNNs), and classification with both deep and traditional machine 

learning models. The experimental evaluation, conducted on a small-scale dataset, demonstrated that 

the CNN model outperformed the SVM model across all evaluation metrics, including accuracy, 

precision, recall, and F1-score. 
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The results indicate that even with limited data, AI-based models can identify distinct patterns 

associated with stress conditions. This suggests that aura-like imaging, when combined with 

computational intelligence, has the potential to serve as a non-invasive, early-stage health-monitoring 

approach. The study also highlights the importance of feature learning for capturing subtle variations in 

image data that may correspond to underlying physiological or psychological states. 

However, this work is a preliminary investigation. The absence of standardized data acquisition 

methods and the limited dataset size impose certain constraints on the generalizability of the findings. 

Despite these limitations, the study successfully establishes a foundational framework for future 

research in AI-based aura analysis and opens new possibilities in the domain of non-invasive healthcare 

technologies. 

6.2 Future Work 

While the current study provides promising insights, several directions can be explored to enhance the 

robustness and applicability of the proposed approach. 

First, future work should focus on developing a larger, more diverse dataset. Collecting data from a 

broader population across varied environmental conditions will improve the model's generalization 

capability and enable more reliable predictions. 

Second, integrating multimodal data sources can significantly enhance performance. Combining aura 

imaging with physiological signals such as heart rate, skin temperature, or respiration data can provide 

a more comprehensive understanding of stress and health conditions. 

Third, advanced deep learning architectures, including transfer learning and attention-based models, 

can be explored to improve feature extraction and classification accuracy, especially when dealing with 

limited data. 

Fourth, establishing standardized protocols for aura image acquisition and labeling is essential to ensure 

consistency and reproducibility across studies. This will also facilitate the development of benchmark 

datasets for comparative evaluation. 

Finally, future research should aim to real-world validate the proposed system in clinical or semi-clinical 

environments. This includes testing the system in practical healthcare settings and evaluating its 

effectiveness as a supportive diagnostic tool. 
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