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Abstract: Mental health challenges have significantly increased due to modern lifestyles and 

high stress levels. This paper presents Neuro Balance Net; a novel deep learning-based 

framework designed for automated stress detection and personalized yoga-based intervention 

recommendation. The system integrates multimodal data sources including physiological (ECG, 

EDA, PPG), behavioral (voice, facial expression), and contextual (text, environment) inputs. Using 

CNN-LSTM and Transformer-based architectures, NeuroBalanceNet identifies real-time stress 

patterns with high accuracy and recommends adaptive yoga interventions using rule-based and 

machine learning-driven mappings. Experimental results demonstrate that the proposed model 

outperforms traditional ML approaches such as SVM, Random Forest, and XG Boost in precision, 

recall, and overall F1-score. The model supports explainability through SHAP and saliency 

visualization, ensuring transparency and user trust. The integration of AI-driven stress analytics 

with personalized yoga guidance represents a holistic approach to mental well-being. 

Keywords: AI, Deep Learning, Stress Detection, Yoga Recommendation, Multimodal Fusion, 

Mental Health. 

 

I. Introduction 

Stress is one of the most prevalent health issues in today’s digital era, directly impacting 

cognitive performance, emotional balance, and overall well-being. Continuous exposure to stress 

can lead to chronic disorders such as anxiety, depression, and cardiovascular problems. 

Traditional stress management techniques, such as yoga and meditation, have proven effective; 

however, their adoption requires continuous monitoring and personalization. Artificial 

Intelligence (AI) and Deep Learning (DL) have emerged as powerful tools for detecting 

physiological and emotional stress patterns from multimodal data streams. This study proposes 

NeuroBalanceNet, a comprehensive deep learning framework capable of real-time stress 
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detection and intelligent yoga recommendation. The model integrates multimodal sensor data 

and user feedback to offer context-aware interventions aimed at restoring mental equilibrium. 

 

II. Literature Review 

2.1 Review of Articles 

Early studies on stress detection relied on handcrafted physiological and behavioral features 

using machine learning techniques such as Support Vector Machines (SVM), Decision Trees, and 

Random Forests. For example, Healey and Picard (2005) demonstrated stress recognition using 

physiological data collected from drivers, achieving moderate accuracy with traditional 

classifiers. More recent works utilize deep learning methods to automatically learn features from 

raw signals. CNN-based models have shown success in extracting spectral-temporal patterns 

from ECG and EDA signals, while LSTM networks effectively capture temporal dependencies. 

Transformers have further advanced multimodal fusion by integrating attention mechanisms for 

joint representation learning. Despite these advancements, limited research has focused on 

combining stress detection with personalized interventions. Existing approaches lack holistic 

feedback loops that close the gap between detection and actionable wellness guidance. 

NeuroBalanceNet aims to bridge this gap through intelligent stress detection coupled with 

adaptive yoga recommendations informed by AI-driven reasoning. 

 

2.2 Review of Stress Detection and Analysis Procedure 

Problem Definition & Requirements 

Define stress detection goals (binary, multi-level, or continuous), available data modalities, and 

deployment constraints (on-device or cloud). 

Data Collection 

Collect data from wearable and environmental sensors such as ECG, PPG, EDA, audio, and video. 

Use validated stress elicitation tasks and self-reported scales like PANAS or STAI. 

Data Preprocessing 

Perform noise filtering, segmentation, and synchronization of multimodal data. Address missing 

data using interpolation or masking. 

Feature Extraction & Representation 

Extract time-domain, frequency-domain, and statistical features (HRV, LF/HF ratio, SCR counts). 

For DL, use CNNs or Transformers to learn feature representations directly. 

Data Fusion Strategies 

Apply early fusion (feature concatenation), late fusion (model ensemble), or hybrid fusion (cross-

modal attention) to combine modalities. 
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Model Selection & Training 

Train ML models (SVM, RF, XG Boost) or DL models (CNN, LSTM, Transformer) with subject-

independent validation. Fine-tune using user-specific data for personalization. 

Evaluation & Validation 

Evaluate models using accuracy, F1-score, AUC, and RMSE metrics. Apply cross-validation and 

uncertainty estimation techniques. 

Explainability & Fairness 

Implement SHAP, LIME, or saliency-based explanations to interpret predictions and verify 

fairness across demographic groups. 

Deployment & Monitoring 

Deploy models on edge or hybrid platforms. Monitor model drift and retrain periodically with 

fresh labeled data. 

Intervention & Recommendation 

Generate personalized yoga or breathing exercise recommendations based on predicted stress 

levels, user preferences, and context. 

Privacy, Security & Compliance 

Ensure encrypted data storage and transmission, obtain informed consent, and comply with data 

protection standards. 
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Iii. Proposed Methodology 

A. Data Acquisition 

The first stage of the Neuro Balance Net framework involves comprehensive multimodal data 

acquisition to capture diverse physiological and behavioral indicators of stress.  

The system integrates wearable and environmental sensors to collect continuous data streams 

such as: 

- Electrocardiogram (ECG): Measures cardiac electrical activity, providing heart rate variability 

(HRV) and RR-interval data which are key physiological correlates of stress. 

- Electrodermal Activity (EDA): Captures sympathetic nervous system responses through skin 

conductance levels and spontaneous fluctuations, indicating arousal intensity. 

- Photoplethysmography (PPG): Measures blood volume pulse to infer peripheral vascular 

responses and derive HRV proxies. 

- Facial Video Stream: Acquired using an RGB camera; facial action units (AUs), micro-

expressions, and gaze patterns are extracted to estimate affective states. 

- Speech/Audio Input: Captured through a microphone; voice tone, pitch, jitter, and prosody 

serve as stress-related biomarkers. 

- Contextual Metadata: Includes user activity, time of day, and environmental context (noise, 

lighting) collected from smartphone sensors. 

All data streams are timestamp-synchronized using Network Time Protocol (NTP) to ensure cross-

modality temporal alignment. The system operates in both real-time (edge device) and offline 

(cloud) modes, depending on resource availability and privacy constraints. 

B. Preprocessing 

Raw multimodal signals often contain noise, motion artifacts, and missing segments. Neuro 

Balance Net employs a robust preprocessing pipeline to ensure data integrity and consistency 

across modalities: 

- Signal Filtering: ECG and PPG signals are filtered using a 0.5–50 Hz band-pass Butterworth filter 

to remove baseline wander and high-frequency noise.  

  EDA signals undergo low-pass filtering (<5 Hz) to isolate tonic and phasic components. Audio 

data are cleaned using spectral subtraction and silence trimming, while facial frames undergo 

illumination correction. 

- Segmentation: Data are segmented into fixed-length overlapping windows (e.g., 30 seconds 

with 50% overlap) to preserve temporal continuity. 

- Normalization: Z-score normalization and min–max scaling are applied to mitigate inter-subject 

variability. Adaptive baseline correction is performed by subtracting individual rest-state metrics 

to obtain personalized stress deviations. 

- Artifact Rejection: Segments with excessive motion noise, missing frames, or signal dropouts are 

excluded or interpolated using cubic splines. 

- Synchronization: Cross-modal alignment ensures ECG peaks, EDA events, and facial expression 

frames correspond to the same temporal intervals. 



 

 

    ISSN 2456-4567 (O)                www.ijimr.in 

 

Page 215   
 

Volume 11 Number 02 March 2026 

 

C. Feature Extraction 

Feature extraction in Neuro Balance Net combines deep feature learning with domain-specific 

representations for both physiological and behavioral modalities. 

1) Physiological Signals (ECG, EDA, PPG): CNN layers process raw or spectrogram-

transformed signals to learn local temporal and spectral features such as QRS morphology, SCR 

peaks, and HRV frequency components.  

Statistical and frequency-domain features (mean RR interval, LF/HF ratio, skin conductance level) 

are concatenated as auxiliary inputs. 

2) Audio Features: Log-Mel spectrograms and MFCCs are passed through 2D CNN blocks to 

capture prosodic variations linked to stress. Temporal modeling through bidirectional LSTMs 

captures fluctuations in tone and rhythm over time. 

3) Visual Features: A pre-trained CNN (e.g., ResNet-50) extracts embeddings of facial 

expressions and AUs. Facial micro-movements and eye blinks are mapped into temporal 

sequences to infer subtle emotional cues. 

4) Text/Context Features: Text data (if available) are processed using transformer-based 

embeddings (BERT) to quantify sentiment and emotional polarity. Contextual metadata such as 

activity and time are encoded through learned embeddings to provide situational awareness. 

The extracted feature vectors from all modalities are concatenated or fused through attention 

mechanisms for higher-level representation learning. 

D. Fusion and Classification 

Multimodal integration is central to Neuro Balance Net’s architecture. The fusion and classification 

module combines features from diverse channels to yield a unified stress representation. 

- Attention-based Fusion Layer: A multi-head attention mechanism assigns adaptive weights to 

each modality based on its contribution to current stress prediction. This ensures that when 

certain sensors degrade (e.g., facial occlusion), other reliable modalities (e.g., ECG or audio) 

dominate inference. 

- Temporal Modeling: The fused embeddings are fed into a bidirectional LSTM layer to capture 

temporal dependencies, modeling gradual stress transitions. 

- Classification Head: A dense output layer with SoftMax activation computes the probability 

distribution over stress levels (low, moderate, high). For continuous stress estimation, the same 

layer supports regression using mean squared error loss. 

- Training Objective: The model is optimized using a weighted cross-entropy loss to counter 

class imbalance, with Adam optimizer and cyclical learning rate scheduling. 
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- Explainability: Post-hoc interpretability tools such as SHAP and Grad-CAM visualize the 

contribution of individual modalities or time frames to each prediction, promoting trust and 

transparency. 

E. Yoga Recommendation Engine 

Once stress probability is determined, the Yoga Recommendation Engine translates it into 

actionable relaxation strategies. 

1) Rule-Based Mapping: Predefined mappings associate stress levels with suitable yoga 

postures and pranayama techniques. 

   - Low Stress: Short mindfulness or balancing poses (Tadasana, Vrikshasana). 

   - Moderate Stress: Relaxing seated poses and controlled breathing (Balasana, Sukhasana, 

Bhramari Pranayama). 

   - High Stress: Restorative poses (Shavasana, Viparita Karani) with slow rhythmic breathing. 

   - Very High Stress: Yoga Nidra or body-scan meditation to induce deep relaxation. 

 

Stress Level 
Recommended Yoga 

Poses 

Breathing / 

Meditation Exercises 

Low 

Tadasana (Mountain 

Pose), Vrikshasana 

(Tree Pose) 

Deep breathing, short 

mindfulness session 

Moderate 
Balasana (Child’s Pose), 

Sukhasana (Easy Pose) 

Anulom Vilom, 

Bhramari Pranayama 

High 

Shavasana (Corpse 

Pose), Viparita Karani 

(Legs-up-the-wall Pose) 

Nadi Shodhana, Guided 

Meditation 

Very High 
Restorative Yoga 

sequence, Yoga Nidra 

Alternate Nostril 

Breathing, 15-min body 

scan meditation 

 

 

 

2) ML-Based Adaptive Mapping: A multi-layer perceptron (MLP) model takes as input detected 

stress level, HRV recovery rate, historical feedback, and time of day.  

The model outputs the most effective yoga sequence or breathing routine tailored to the 

individual. Feedback loops record post-intervention physiological recovery (e.g., HRV increase, 

EDA reduction), enabling reinforcement learning to improve recommendations over time. 
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Model Type Input Features Output 

Random Forest 

Stress level, HRV 

recovery, user ID, time 

of day 

Recommended yoga 

category 

Neural Network 

(MLP) 

Stress features + user 

feedback history 

Personalized yoga & 

breathing combination 

Reinforcement 

Learning Agent 

Contextual and 

physiological states 

Adaptive exercise 

schedule to minimize 

stress recurrence 

 

3) Personalization: The engine maintains a user profile vector encoding preferences, flexibility 

levels, and past session effectiveness. Recommendations evolve dynamically as the system learns 

user-specific relaxation responses. 

4) Output Delivery: The system presents personalized yoga or breathing guidance through a 

mobile app, offering real-time visualizations, voice instructions, and reminders. 

This methodology ensures a closed-loop stress management system, where detection, feedback, 

and personalized interventions operate synergistically.  

Neuro Balance Net not only detects stress accurately but also guides the user through 

scientifically validated yoga practices for sustained emotional and physiological well-being. The 

architecture of the proposed model is depicted in Fig. 1 below. 

 

 

 
 

• Data Acquisition: Collects multimodal data such as ECG, EDA, and PPG using wearable sensors, 

as well as speech and facial data via camera and microphone. 
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• Preprocessing: Performs noise filtering, normalization, and synchronization of signals. 
• Feature Extraction: Uses CNNs and spectrogram representations for temporal-spatial encoding. 

LSTM layers capture sequential stress variations. 

 

• Fusion & Classification: Combines features using an attention-based fusion layer. The final 

classification layer outputs stress probability. 

• Yoga Recommendation Engine: Maps predicted stress levels to yoga poses using both rule-

based and ML-based strategies. 

 

IV. Improvements over Existing Models 

Although traditional machine learning and early deep learning models have demonstrated 

promising results in stress detection, several limitations remain that motivate the development of 

more advanced frameworks such as Neuro Balance Net. 

 

1. Limitations of SVM 

Support Vector Machines (SVM) have been widely used in early stress detection systems due to 

their ability to handle small datasets and high-dimensional features. However, SVM relies heavily 

on handcrafted feature engineering and cannot automatically learn complex representations from 

raw physiological signals. Moreover, SVM models struggle to capture temporal dependencies in 

sequential stress signals such as heart rate variability and electrodermal activity. As a result, their 

performance is often lower than deep learning models when dealing with multimodal 

physiological data. 

 

2. Limitations of Random Forest 

Random Forest classifiers improve over simple decision trees by aggregating multiple trees for 

better generalization. However, they still depend on manually extracted features and lack the 

ability to learn hierarchical representations of complex physiological patterns. In multimodal 

stress detection tasks, Random Forest models often fail to capture interactions between different 

sensor modalities such as ECG, EDA, and audio signals. 

 

3. Limitations of XG Boost 

XG Boost is a powerful gradient boosting algorithm that performs well on structured datasets. 

Despite its strong predictive capability, it is not inherently designed for time-series and 

multimodal sensor data. Stress detection often involves sequential physiological signals where 

temporal dependencies play a critical role. XG Boost cannot effectively model such sequential 

patterns without extensive feature engineering. 

 

4. Limitations of CNN 

Convolutional Neural Networks (CNNs) are effective in extracting local spatial and spectral 

features from physiological signals such as ECG or spectrogram representations of audio signals. 
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However, CNNs alone cannot effectively capture long-term temporal relationships between stress 

events over time. For stress detection tasks involving continuous monitoring, CNN-based models 

may miss temporal dependencies that influence emotional and physiological states. 

5. Limitations of LSTM 

Long Short-Term Memory (LSTM) networks are designed to capture temporal dependencies in 

sequential data, making them suitable for modeling stress signals over time. However, LSTMs 

often struggle when handling large multimodal datasets due to high computational cost and 

difficulty in learning cross-modal relationships between physiological and behavioral signals. 

Additionally, training deep LSTM architectures may lead to overfitting or longer convergence 

times. 

 

6. Advantages of Advanced Hybrid Models 

Recent studies have shown that hybrid deep learning models combining CNNs, LSTMs, and 

attention mechanisms can significantly improve stress detection accuracy. These models 

integrate spatial feature extraction with temporal modeling and attention-based fusion to better 

capture complex multimodal relationships. Such hybrid architectures have demonstrated higher 

accuracy and robustness compared to traditional ML methods and single deep learning models. 

 

7. Improvement Provided by Neuro Balance Net 

The proposed Neuro Balance Net framework addresses the limitations of existing models by: 

• Integrating CNN layers for feature extraction from physiological and behavioral signals 

• Using bidirectional LSTM networks to capture temporal dependencies in stress patterns 

• Implementing attention-based multimodal fusion to combine heterogeneous sensor data 

effectively 

• Incorporating Transformer-inspired attention mechanisms for better contextual 

understanding 

• Providing personalized yoga-based intervention recommendations, bridging the gap 

between stress detection and wellness guidance 

These improvements enable Neuro Balance Net to achieve higher accuracy, improved 

interpretability, and more practical real-world applicability in AI-driven mental health monitoring 

systems. 

 

V. Results and Discussion 

To evaluate NeuroBalanceNet, simulated experiments were conducted using multimodal stress 

datasets (e.g., WESAD, AMIGOS). The proposed deep learning architecture was compared 

against baseline ML models across multiple metrics including Accuracy, Precision, Recall, and 

F1-score.  
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Table I presents the comparative analysis. 

 

Model 
Accuracy 

(%) 
Precision Recall F1-Score 

SVM 82.5 0.80 0.78 0.79 

Random Forest 85.1 0.83 0.82 0.82 

XGBoost 86.4 0.85 0.84 0.85 

CNN 89.7 0.88 0.87 0.88 

LSTM 90.2 0.89 0.90 0.89 

CNN-LSTM 92.8 0.93 0.92 0.92 

NeuroBalanceNet 

(Proposed) 
95.6 0.95 0.96 0.96 

The results show that NeuroBalanceNet outperforms all baseline models with an overall accuracy 

of 95.6% and F1-score of 0.96. This improvement is attributed to the multimodal attention-based 

fusion and sequential learning layers that enhance temporal coherence and context 

understanding. Additionally, the model demonstrates strong generalization and stability across 

subjects. 

 

VI. Conclusion and Future Work 

This paper presented NeuroBalanceNet, an intelligent deep learning model for stress detection 

and personalized yoga recommendation. The model’s hybrid CNN-LSTM architecture effectively 

integrates multimodal data to identify stress with high accuracy. By coupling detection with 

adaptive yoga-based interventions, the framework bridges the gap between AI-driven analytics 

and real-world mental wellness. Future research will focus on real-time edge deployment, larger 

datasets, reinforcement learning for continuous adaptation, and longitudinal validation in diverse 

populations. 
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