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ABSTRACT: AI, wearable Internet of Things (IoT), machine learning and cloud 

computing are coming together in a manner that enables continual and individual mental 

health care. This paper introduces an AI-driven Wearable IoT system to evaluate mental 

health, predict stress, and provide personalized healthcare suggestions. This proposed 

method combines physiological and behavioural data like heart rate, heart-rate variability, 

electrodermal activity, skin temperature, motion data, sleep patterns, and physical activity 

via wearable devices. These diverse signals can be converted to digital biomarkers via 

machine learning and deep learning algorithms for the early detection of stress states and 

forecast for future changes in mental health status. Cloud computing offers scalable data 

storage, model training, longitudinal analysis and secure healthcare-data-management, 

while intelligent recommendation layer creates personalized interventions according to the 

physiological, behavioral pattern of each individual. Recent research shows that wearable-

based stress detection and multimodal sensing, digital phenotyping, and mood prediction 

are feasible, but there are issues of generalizability, data quality, privacy, interpretability, 

and validation in clinical settings. The suggested framework, therefore, promotes 

multimodal intelligence, personalized prediction, secure integration with the cloud and 

prevention support for healthcare, instead of the clinical diagnostic autonomy. 

 

1. INTRODUCTION 

Artificial Intelligence (AI), Internet of Things (IoT), Wearable Sensing Technologies, Machine Learning (ML), and cloud 

computing are taking the healthcare monitoring industry to a new level of continuous and intelligent monitoring. A more 

traditional approach to the assessment of mental healthcare relies on clinical interviews, self-administered questionnaires, regular 

assessments, and unstructured evaluation. While these are important ways of making decisions in clinical practice, these are of 
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limited value as measures of the continuous changes in an individual's physiological and behavioral status. Mental health issues 

and psychological strain can vary significantly over time and be affected by other factors such as sleep, exercise, environmental 

factors, workload, social interactions and personal behaviour. This makes continuous monitoring with the help of wearable IoT 

devices and AI-driven analysis as an approach to acquire objective, longitudinal indications of mental well-being a promising 

one [1, 2]. 

Smart devices which can be worn on the body, such as smart watch, fitness band, smart ring or other body-worn sensing 

platforms, can continuously gather physiological data and behavioral data without significantly interfering with the daily 

activities of individuals. These devices have sensors that can be used for measuring heart rate (HR), heart-rate variability (HRV), 

electrodermal activity (EDA), skin temperature, blood oxygen saturation, physical activity, acceleration, sleep characteristics and 

other physiological indicators. These signals can be used to gain insight into changes in the autonomic nervous system and 

behavior resulting from psychological stress. Multiple physiological signals are especially significant since stress is a multifaceted 

phenomenon which is not necessarily easy to identify with one physiological signal. Multimodal approaches combining both 

the temporal and the frequency domain physiological features have thus shown great promise in enhancing the accuracy of 

stress detection [1,3]. 

Machine Learning is the computation that enables the processing of the vast amounts of disparate sensor data produced by 

wearable IoT devices into meaningful health-related information. Supervised learning algorithms can be used to classify the 

physiological state of an agent into a suitable class (stress class) while unsupervised and semi-supervised algorithms can uncover 

previously unknown behavioral patterns. More sophisticated deep learning architectures can learn temporal and 

multidimensional relationships and nonlinearity from multidimensional physiological signals. This is especially relevant when 

considering the physiological responses to stress which can be very different between people and thus when assessing mental 

health. AI-based approaches have been shown to be complementary to traditional mental stress assessment methods in recent 

studies using ML and deep learning techniques to detect mental stress from physiological signals recorded by wearable devices 

[1, 2] might be helpful. 

One of the key evolutions in this area is moving from classification of stress to ongoing mental health monitoring and predictive 

analytics. Wearables can provide the longitudinal data that will capture shifts in sleep, activity, circadian rhythms, physiological 

responses, and behavioral patterns. These information may help digital phenotyping, a process of continuously collected 

behavioral and physiological data which are processed to define an individual's health related patterns. Digital phenotyping has 

become relevant because of the opportunities it provides to study changes over time as compared to only one-off clinical 

evaluations [6, 7]. Circadian-rhythm and sleep parameters have also been studied in people with mood disorders for their 

association with changes in mood and clinically relevant patterns of these parameters [5]. 

Scalability (data storage, processing, model training and deployment) is further enhanced by cloud computing to support the 

capabilities of AI-powered wearable healthcare systems. Computational power, memory, energy or capacity for long-term data 

storage are typically limited for wearable devices. As a result, the calculations that are resource-intensive for ML and deep 

learning can be moved to cloud-platforms, where large-scale, heterogeneous datasets can be processed with scalable computing 

resources. A cloud-based architecture may also enable longitudinal analysis, centralized model management, remote healthcare 

services and data from various IoT devices. When coupled with cloud computing and AI, use of wearable IoT combined with 

these steps creates a distributed healthcare ecosystem where data can be continuously collected at the sensing level, transferred 

via communications networks, processed with intelligent models and be converted to actionable information at the application 

level. 

But there are a number of technical and clinical hurdles to the development of AI-powered mental health care systems. 

Physiological signals extracted from low-cost wearable sensors can be influenced by motion artifact, sensor noise, sensor 

missing, signal variation and variations in sensor properties. Furthermore, there is great variation in how individuals respond to 

stress and creating a model that can be applied universally is difficult. A model developed with one population or controlled 

laboratory setting may not show the same level of performance when applied to a free-living setting. The importance of testing 

the models under realistic conditions and also taking into account individual variability has hence been highlighted in the 

research related to wearable stress detection [4], [9]. 
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A further challenge is privacy and security as wearable healthcare systems transmit and gather a lot of sensitive information, 

such as physiological and behavioral data. Mental health-related data may reveal patterns concerning sleep, activity, emotional 

states, stress levels, and daily routines. Therefore, unauthorized access, insecure transmission, inappropriate data sharing, and 

inadequate cloud security can pose great risks. System security is essential for AI-powered healthcare systems, as it involves 

implementing the right encryption, authentication, access control, privacy-preserving computation, and responsible data 

governance mechanisms. Additionally, any predictions made by a prediction system meant for mental healthcare should not be 

a substitute for professional clinical diagnosis. Rather, they should serve as decision-support and preventive monitoring tools 

that are able to detect potential significant changes, and make suitable recommendations or reminders to carry out further 

monitoring. 

Thus, the personalized healthcare recommendation is an important extension of wearable-based stress prediction. An intelligent 

system can not only tell you if a person is under stress (binary) or not (categorical), but it can also provide a stress level prediction, 

plus understanding of the individual's historical patterns and behaviors, and recommendations that are context relevant and 

appropriate. This can involve relaxing exercises, sleep management advice, physical activity interventions, breathing exercises, 

workload management or prompts to seek professional help if abnormal patterns persist. The personalization mechanism can 

be continually updated with further longitudinal data, which can enhance the effectiveness of the recommendations for each 

user. 

The main goal of this paper is to envision an Wearable IoT system with AI-based mental health evaluation, stress 

forecasting and customised health advice via the power of machine learning and cloud computing.. The proposed 

framework aims to combine data acquisition, preprocessing, multimodal feature extraction, prediction using ML/deep learning, 

cloud-based analytics, and recommendation generation in a single architecture to utilize the data acquired by the wearables. The 

framework is focused on continuous monitoring, multimodal physiological analysis, scalable cloud infrastructure, individual 

prediction and safe handling of healthcare data. It also reviews the key challenges of wearable sensing, the generalizability of 

the models, privacy, interpretation and clinical applicability of wearable sensing models. The study will combine these elements 

in a technically sound way to build a solid basis for future intelligent, preventive and personalized mental health care systems. 

2. LITERATURE REVIEW 

2.1 Wearable IoT Devices for Mental Health Monitoring 

The use of wearable IoT technologies as platforms for continuous physiological and behavioural monitoring has been more 

and more researched. Wearable sensors are able to collect data throughout the day, in contrast to traditional clinical tools that 

typically collect data at limited times or under evaluation conditions. This ability allows for the creation of longitudinal data sets 

of physiological, behavioural and contextual data. HR, HRV, EDA, skin temperature, movement, sleep duration and physical 

activity can be used to give complementary information on an individual's physiological response to stress and changes in 

behavioural state [1, 3]. 

Wearable sensing for stress assessment is highly dependent on the relevance of the physiological signals collected. HR and HRV 

can give information about activity of the ANS, whereas EDA reflects the changes in sympathetic nervous system activation. 

It may also be useful to obtain some additional contextual information, such as skin temperature and physical activity, to aid in 

interpretation and differentiate stress-related physiological responses from normal variations associated with physical activity. 

These signals can thus give a more complete picture of the stress than any single physiological signal could. Multimodal wearable 

datasets have thus grown in significance for the development of AI-based affective and stress-recognition systems [8] in the 

recent years. 

One important development in this important area of research is the creation of multimodal wearable datasets with synchronous 

physiological and motion data. These sets are useful for assessing the performance of machine learning models under controlled 

experimental conditions. For instance, the WESAD dataset showed the importance of using different physiological modalities 

together for detecting stress and affect while it has been the ground for many studies on automatic stress recognition [8]. 

However, the complexity of multiple physical, psychological and environmental stressors in the real-world may not fully be 

captured by a controlled data set. 
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The studies in recent years have turned to free-living environments to assess the usability of wearable stress detection. 

Application of machine learning based methods with wearable sensors have shown the possibility of detecting stress outside of 

the laboratory environment [4]. This is an important step because in real deployment situations there will be irregular sensor 

location, missing data and motion artifacts, as well as varying environmental conditions and very individual responses in 

physiological reactions. Therefore, in addition to classification accuracy, the reliability of wearable IoT systems needs to be 

assessed by its robustness, adaptability, and generalization across user and environment. 

2.2 Machine Learning for Stress Prediction 

A key approach in addressing this challenge has been the use of Machine Learning to forecast stress from raw measurements 

taken by the wearable sensors. Physiological states can be classified using engineered features derived from sensors' signal using 

conventional machine learning algorithms like Support Vector Machines, Random Forest, Decision Trees, k-Nearest Neighbors 

and ensemble methods. Statististical descriptors, frequency domain characteristics, HRV parameters, EDA-related features, 

activity measures, and temporal characteristics are all potential features that can be engineered. These have shown that enough 

information exists in physiological signals to differentiate stress levels [1, 2]. 

Conventional feature engineering pipelines are not the only option for deep learning; the representations can also be learned 

directly from raw or minimally processed signals. Convolutional Neural Networks can capture local temporal or spectral 

patterns while recurrent networks like Long Short-Term Memory networks can model temporal dependencies of physiological 

time series. Spatial and temporal and multimodal representations may also be used in hybrid architectures. Multimodal deep 

learning to combine time-domain and frequency-domain features has been shown to have the potential to detect stress in recent 

research [1]. 

But in a controlled data set a high predictive accuracy does not necessarily mean a high performance level in another data set. 

Medications, environment, baseline autonomic activity, individual psychological make-up, lifestyle, physical fitness, and age and 

gender are all strong factors in physiological signals. Thus, the model trained based on population-level pattern may lead to an 

inconsistent prediction with new users. Generalizable learning models using machine-learning techniques have thus seen a 

greater focus on dealing with inter-person variability and free-living environments [9]. 

For mental health prediction, there is a special focus on personalization, due to the fact that the physiological reaction to a 

particular stressor could vary significantly across different people. A heart-rate increases, for instance can be brought on by 

physical activity, mental tension, caffeine, excitement or the environment. Contextual and behavioural data thus should ideally 

be included in conjunction with physiological data. A good system should be able to detect any variation from the norm and 

not just flagging above a threshold set for the population as a whole. This establishes an robustness reason for adaptive and 

personalized architectures for ML in mental healthcare for wearables. 

2.3 Digital Phenotyping and Mental Health Assessment 

The concept of digital phenotyping is an unprecedented advancement in mental health care that is AI-based. It is a systematic 

approach to the analysis of digitally generated behavioural and physiological information, for the characterisation of the health-

related state of an individual. Smartphones, wearables, activity trackers and other connected technologies can generate ongoing 

data that can track mobility, sleep, activity, social interactions, and physiological measures. These data can be cross referenced 

with traditional clinical data to gain temporally dense observations of actual behavior [6, 7]. 

Multimodal sensing is the sensing of mental disorders from multiple modalities through systematic investigations, and there has 

been growing interest in this approach. Combining several modalities of sensing could give a more comprehensive picture of 

behavioural changes than single sensors. For instance, sleep disturbances, coupled with changes in physical activity and 

physiological measures, might be a more reliable marker for a change in mental wellness than any one measure [6]. Digital 

phenotyping can therefore serve as a baseline for predictive, not only descriptive health monitoring for mental health. 

The link between wearable-derived sleep and circadian features, as well as mood-related outcomes has also been studied. 

Longitudinal data on sleep and circadian rhythms are more difficult to obtain using traditional questionnaires, but can be 

obtained through continuous monitoring. A few studies have been conducted with mood disorders and found that features 

derived from the wearers could be used for prediction of clinically relevant mood changes [5]. These  
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 corroborate the general idea that there is potential to develop digital biomarkers in mental health, using wearable devices. 

However, there are some methodological issues to consider in digital phenotyping. Data will be collected continuously, 

potentially resulting in very high-dimensional datasets that are not only missing many values, but also vary over time. 

Furthermore, correlations between digital behavioral patterns and mental health outcomes does not necessarily imply causality. 

For example, a decrease in physical activity may be linked with psychological distress, but also due to physical illness, the 

environment, work requirements or individual choices. Thus, digital biomarkers need to be interpreted with caution and should 

include contextual data and proper validation techniques [6] and [7]. 

2.4 Multimodal Learning and Physiological Signal Fusion 

Mental health and stress can be divided into multiple domains and a single physiological marker will not capture all aspects of 

mental state. But, multimodal learning overcomes this by bringing together information from different sensors and data 

modalities. Complementary information on physiological arousal and behavioral changes can be obtained from HRV, EDA, 

skin temperature, activity, sleep and motion data. These signals can help make the prediction of stress more robust, as it is not 

based on a single sensor [1, 8]. 

There are different points at which multimodal fusion can be applied to the analytical pipeline. The early fusion fuses normalized 

features of multiple sensors before training and the intermediate fusion learns modality-specific features and then fuses them. 

In the late fusion approach, each modality is treated separately and predictions of the models are fused at the decision level. 

These fusion approaches may be realized by deep learning architectures that can automatically learn non-linear relationships 

among the heterogeneous physiological features. These are especially well suited to wearable IoT applications where the various 

sensors will produce data at different sampling rates, temporal resolutions and noise levels. 

The WESAD study set an important benchmark for recognizing stress and affect in a multimodal fashion using both 

physiological and motion data [8]. Later studies have further explored the stress detection using deep learning and multimodal 

feature representations [1]. The advancements suggest that sensor fusion enhances the amount of information that can be 

provided to the AI models. But, there are also many drawbacks to multimodal systems, including their complexity, energy usage, 

synchronization needs, and data management needs. 

Another difficulty is the lack or uncertainty of the modalities of the sensors. In real wearable scenarios, a sensor can lose contact 

with the skin, have a failure, and/or yield corrupted readings due to motion. Thus, an adequate multimodal architecture must 

be able to cope with gaps in the observations. A number of techniques can be employed to enhance system resilience, amongst 

which data imputation, modality dropout, attention-based fusion, confidence weighting, and adaptive selection of sensors. 

These factors are particularly relevant in the design of a cloud-based system that will need to run in the real world over the 

long-term. 

2.5 Cloud Computing and IoT-Based Healthcare Intelligence 

Combining cloud computing and wearable IoT devices can create a foundation for the management and analysis of vast 

amounts of healthcare data and AI. The devices mentioned are generally small, with limited processing power and battery life, 

which makes it difficult to run computationally heavy deep learning algorithms over a long period of time. Cloud infrastructure 

can offer scalable storage, processing, model training and deployment capabilities. In an integrated system, the sensors measured 

physiological parameters, the IoT communication systems transported the measured data and the cloud services conducted 

large-scale analyses and predictive modelling. 

Another benefit of cloud-based healthcare systems is that they can store historical data on physiological and behavioral patterns, 

facilitating longitudinal analysis. AI models can make use of time series data on a day-to-day, week-to-week, or month-to-month 

basis, rather than relying on individual values. This is a longitudinal analysis of interest for mental health as it may be stress and 

mood changes may develop gradually and not as isolated events. Cloud computing can help achieve personalized baselines, and 

regular updates to the model. 

The cloud architecture can further enable centralized model management and remote deployment. Once trained, a ML model 

may be utilized to predict multiple connected devices, without needing the wearable devices to have a lot of computational 

power. But, persistent data transfer to cloud based platforms comes with communication overhead and privacy issues. 
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Consequently, hybrid edge-cloud architectures are increasingly relevant, where preliminary preprocessing and low-latency 

inference occur close to The user accesses it while the computation intensive analytics run in the cloud. 

The security aspect assumes significant importance in cloud-based mental health systems. Physiological and behavioral data can 

be very personal data. It is therefore essential that communication security, encryption, authentication and authorization are 

embedded in the system architecture as well as privacy-preserving learning and appropriate data governance. Technical design 

should ensure the best possible predictive performance and minimise data processing and protection of privacy, instead of 

using security as a post-processing task. 

2.6 Personalized Healthcare Recommendation Systems 

A shift from stress detection to a healthcare personalization is an important research avenue. The vast majority of traditional 

wearable devices offer quantitative data like heart rate, total sleep time or activity. This can be amplified by an AI healthcare 

recommendation system, which can analyse multiple streams of data and provide personalised recommendations based on 

identified trends. These can be relaxation exercises, exercise, sleep hygiene, breathing exercises, workload management, or a 

reminder to seek professional advice for any ongoing abnormalities. 

Personalisation may be achieved through the use of both population level ML models and user specific adaptations. A general 

model can first be used to detect general patterns and then historical observations of a particular individual can be used to fine-

tune the general model based on the baseline physiological characteristics of the individual. This can help minimize inter-

individual variability and make the recommendations more relevant. The idea is similar to the concept of Digital phenotyping 

research, which aims to capture longitudinal behavioral and physiological patterns to describe individual states [6, 7]. 

Another important aspect of a recommendation engine is that it should take into account contextual information prior to 

producing an intervention. For instance, a high level of heart rate plus physical activity is not necessarily a psychological stress. 

Likewise, poor sleep length could be linked to the work schedule and not to mental illness. The context-aware inference can 

thus minimize false-positive recommendations. Combined multimodal sensor fusion and temporal analysis can give the needed 

information to support such contextual interpretation [1, 4]. 

Another key criterion for personalised healthcare recommendations is explainability. The user and health care provider should 

be able to grasp or know the rationale behind a specific recommendation. Explainable AI can help detect influential 

physiological characteristics, behavioral trends, or temporal patterns that help to explain a prediction. In mental healthcare, 

where mispredictions or lack of explanation can diminish confidence and lull users into making wrong choices, transparency is 

crucial. 

2.7 Critical Research Gap 

The current research literature has shown significant advances in the field of wearable stress detection, digital phenotyping, 

processing of physiological signals, and machine learning-based mental health monitoring [1]–[9]. But there are some gaps in 

research. First, many existing studies focus primarily on stress classification rather than developing an integrated pipeline 

covering Continuous assessment, prediction and personalized recommendation.. Second, controlled laboratory data is 

still prevalent, while real-world wearable deployment has some significant sensor noise, gaps, contextual variations and 

individual physiological variations [4, 9]. 

Third, many studies examine any single modality of sensing or combinations of a few physiological signals, although multimodal 

sensing data can yield more information about stress and affect recognition [1, 8]. Fourth, the integration of the wearable IoT 

sensing with scalable cloud-based AI infrastructure is not always considered as a single architecture. It is therefore imperative 

to have frameworks that explicitly link the sensing layer, IoT communication layer, cloud analytics layer, prediction layer, and 

personalized recommendation layer. 

Last but not least, increased focus on privacy, interpretability, personalization and clinical applicability are needed. A technically 

correct classifier is not enough for the deployment in a sensitive mental health care environment. The systems of the future 

should be able to reliably predict under realistic conditions, be adaptable to different baselines, safeguard sensitive data, be able 

to explain prediction  
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, and produce recommendations that are not unsupported autonomous diagnoses but can be used as supportive healthcare 

interventions. These gaps drive the need for an integrated AI-based wearable IoT system that integrates multimodal sensing, 

machine learning, cloud computing, continuous mental health assessment, stress prediction and personalised healthcare 

recommendations. 

3. PROPOSED AI-POWERED WEARABLE IOT FRAMEWORK 

The future system framework combines wearable Internet of Things (IoT) sensing, machine learning, cloud computing, 

multimodal physiological signal analysis, stress prediction and customized healthcare recommendation within a holistic 

framework. The goal is to move from continuous physiological and behavioral observations to actionable mental-health 

indicators, while keeping the systems scalable, personalized and enabling the proper management of data security. The 

framework consists of six inter-dependent layers namely, wearable sensing, IoT communication, preprocessing and feature 

engineering, AI based prediction, cloud analytics, and personalized recommendation. Such a layered architecture aligns with 

recent research efforts on multimodal wearable stress detection [1, 4, 6, 8, 9] and digital phenotyping and machine-learning 

based mental health monitoring. 

3.1 System Architecture and Functional Components 

The proposed architecture starts by wearable sensors which are able to continuously measure physiological and behavioral 

variables. The gathered data passes an IoT communication layer to an edge gateway or to cloud infrastructure. Initial processing 

is done locally or at the edge to eliminate noise, discard bad data, and limit the amount of data transmitted. The processed 

information is then sent to the cloud-based AI analytics layer. 

It has the following main components: 

1. Wearable sensing layer: HR, HRV, EDA, skin temperature, SpO₂, accelerometer, gyroscope, sleep, and activity 

sensor. 

2. IoT communication layer: Bluetooth Low Energy (BLE), Wi-Fi, cellular connectivity or similar forms of 

communication. 

3. Edge preprocessing layer: Signal filtering, artifact removal, segmentation, normalization and basic feature 

extraction. 

4. Cloud intelligence layer: Large-scale storage, feature management, model running for ML/DL models, longitudinal 

analysis, model updates. 

5. Mental-health prediction layer: Stress-state classification, stress-level estimation, anomaly detection and temporal 

risk prediction. 

6. Recommendation layer: Personalized interventions created from anticipated stress state, past trends, behavioral 

context and individual baseline properties. 

The overall processing sequence may be depicted as: 

Wearable Sensors → IoT Gateway → Signal Preprocessing → Feature Extraction → Multimodal Fusion → ML/DL 

Prediction → Cloud Analytics → Personalized Recommendation 

The design of the architecture is meant to not interpret one physiological measurement as a direct indicator of mental illness. 

Rather, the system makes estimates of physiologic stress and behavioral deviation patterns and utilizes these estimates as 

information for decision support. 
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Table 1. Major Components of the Proposed Wearable IoT Framework 

Layer Major Components Input Primary Function Output 

Wearable sensing HR, HRV, EDA, 

temperature, SpO₂, 

accelerometer, gyroscope 

Physiological 

and motion 

signals 

Continuous sensing Raw sensor streams 

IoT 

communication 

BLE, Wi-Fi, cellular Sensor data Data transmission Connected data 

packets 

Edge processing To remove artifacts and filter 

noise, segmentation is 

employed. 

Raw signals Local preprocessing Cleaned signals 

Feature layer The statistical, temporal and 

frequency features of the 

data. 

Cleaned signals Feature construction Feature vectors 

AI layer The proposed model is 

comprised of various models 

including: RF, SVM, 

XGBoost, LSTM, CNN-

LSTM. 

Feature 

vectors/time 

series 

The classification and 

prediction of stress.The 

outline of stress 

classification and 

prediction. 

Stress score/risk 

Cloud layer Suitable storage, analysis, 

model management 

Longitudinal 

data 

Scalable processing A section that provides 

historical and 

predictive insights. 

Recommendation 

layer 

Rule-based/ML 

recommendation engine 

Prediction + 

user profile 

Personalized 

intervention 

Healthcare 

recommendations 

User/clinical 

interface 

Mobile/web dashboard AI outputs Visualization and alerts User/clinician 

information 

The architecture offers real-time and longitudinal analysis. Real-time analysis is designed to measure stress in real time, while 

longitudinal analysis detects patterns of stress, sleep related changes and behavioural trends over time. 

3.2 Wearable Sensor and IoT Data Acquisition 

Quality and diversity of acquired sensor data plays a significant role in the reliability of the proposed system. HR and HRV give 

information about cardiovascular and autonomic responses, EDA gives information about changes that are associated with 

sympathetic activation, skin temp gives supplementary info about physiology, and accelerometer/gyroscope gives info about 

physical movement context. Other parameters used for longitudinal assessment include sleep and activity [1, 3, 5]. 

The sampling frequency should be determined based on the physiology of each signal. The following practical configuration of 

an integrated wearable system is shown (Table 2). 

Table 2. Recommended Sensor Configuration for the Proposed Framework 

Parameter Sensor/Source 

Representative 

Sampling Rate Principal Information 

Heart rate PPG 25-64 Hz Cardiovascular response 

HRV PPG/ECG 64-250 Hz Autonomic activity 

EDA Galvanic skin sensor 4-32 Hz Sympathetic arousal 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1151 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

Parameter Sensor/Source 

Representative 

Sampling Rate Principal Information 

Skin 

temperature 

Thermistor 1-4 Hz Peripheral physiological response 

SpO₂ PPG 25-100 Hz Oxygen saturation 

Acceleration 3-axis accelerometer 25-100 Hz Physical activity and motion 

Gyroscope 3-axis gyroscope 25-100 Hz Movement in different directions and positions of the 

body. 

Sleep Wearable-derived Epoch-based The length and quality of sleep. 

Activity Accelerometer/derived Epoch-based Daily physical activity 

Context Smartphone/IoT Event-based The local or surrounding context, such as the setting, 

setting-in-action, and genre. 

A raw information from a generic modality can be expressed as 

𝑥𝑖(𝑡) = 𝑠𝑖(𝑡) + 𝑛𝑖(𝑡) + 𝑎𝑖(𝑡) 

is the measured signal, is the physiological component, represents sensor noise, and represents motion or environmental 

artifacts.𝑥𝑖(𝑡)𝑠𝑖(𝑡)𝑛𝑖(𝑡)𝑎𝑖(𝑡) 

Multiple sensors enable separation of the physiological response signals from psychological stress from the response signals 

from physical activity. For instance, a high acceleration with a high heart rate should not be considered as psychological stress. 

The addition of the activity data and motion information enhances the context-dependency of the interpretation. 

3.3 Physiological and Behavioral Feature Extraction 

Features are derived from raw sensor streams that are used for model training. Feature extraction is done on sliding windows 

to enable the system to detect both short-term physiological responses and longer-term behavioral changes. 

In the HR field, the following are important time domain parameters: mean heart rate, standard deviation of the NN intervals, 

RMSSD, and pNN50. Low frequency power, high frequency power and the ratio of low frequency power to high frequency 

power are all potential frequency domain features. The mean skin conductance, number of skin conductance responses, 

response amplitude, and signal slope can be used for EDA. 

Examples of representative HRV measures are: 

𝑅𝑀𝑆𝑆𝐷 = √
1

𝑁 − 1
∑(

𝑁−1

𝑖=1

𝑅𝑅𝑖+1 − 𝑅𝑅𝑖)
2 

where are the successive inter-beat intervals and represents the number of intervals.𝑅𝑅𝑖𝑁 

The standard deviation of NN intervals is defined as: 

𝑆𝐷𝑁𝑁 = √
1

𝑁 − 1
∑(

𝑁

𝑖=1

𝑅𝑅𝑖 − 𝑅𝑅)2 

where is the mean RR interval.𝑅𝑅 

Some statistical properties of a general signal are:𝑥 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1152 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

𝜇𝑥 =
1

𝑁
∑𝑥𝑖

𝑁

𝑖=1

 

𝜎𝑥 = √
1

𝑁 − 1
∑(

𝑁

𝑖=1

𝑥𝑖 − 𝜇𝑥)
2 

These features are enhanced by behavioural measurements like the number of steps taken each day, time spent sedentary, 

amount of sleep, sleep efficiency, activity intensity and excess or lack of activity compared to the normal activity of that 

individual. 

Table 3. Feature Categories Used in the Proposed Model 

Signal Feature Category Representative Features Relevance 

HR Statistical Median, mean, maximum, minimum. Cardiovascular activation 

HRV Time-domain RMSSD, SDNN, pNN50 Autonomic regulation 

HRV Frequency-domain LF, HF, LF/HF Autonomic balance 

EDA Response-based SCR amplitude, frequency, mean EDA Sympathetic activation 

Temperature Statistical Mean, variance, slope Peripheral response 

Motion Activity Steps, levels of acceleration, intensity of activity Physical context 

Sleep Temporal Duration, efficiency, awakenings Recovery and behavioral health. 

SpO₂ Statistical Mean, minimum, variability Physiological context 

Multimodal Composite Cross-sensor correlation, variability Integrated stress representation 

3.4 Edge-to-Cloud Data Transmission and Storage 

If monitoring is continuous, there can be a lot of data generated through the monitoring of a wearable. Sending all raw samples 

to the cloud  

 in additional communication overhead and energy usage, latency, and privacy exposure. The proposed framework hence 

follows the “edge to cloud” approach. 

At the edge layer, simple pre-processing is done before sending. Data is broken up into windowed blocks of data, say 30 

seconds, 60 seconds or 5 minutes depending on the sensing modality and prediction goal. Featuring and selected signal segments 

rather than all raw samples can be sent to the cloud. 

The requirement for a transmission is: 

𝐷𝑐𝑙𝑜𝑢𝑑 = 𝐷𝑟𝑎𝑤 − 𝐷𝑙𝑜𝑐𝑎𝑙 + 𝐷𝑓𝑒𝑎𝑡𝑢𝑟𝑒  

where is the original data volume, where is the data eliminated or compressed at the edge, and is the data of the features for 

cloud analytics transmission.𝐷𝑟𝑎𝑤𝐷𝑙𝑜𝑐𝑎𝑙𝐷𝑓𝑒𝑎𝑡𝑢𝑟𝑒 

This way, the amount of bandwidth is minimized and still retain information for the ML prediction. 

The clouds remain at: 

• Physiological signals that are not processed or retained; 

• processed sensor features; 

• user-specific baseline profiles; 
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• prediction histories; 

• model versions; 

• recommendation histories; 

• Performance measures for the system; and 

• Anonymised datasets to improve models. 

Data should be logically grouped by identity information, physiological information, features for analysis, and by model outputs. 

This separation decreases undesirable disclosure of person identifiable information throughout the modeling process. 

3.5 Machine Learning-Based Mental Health Prediction 

The Prediction layer is used to transform multimodal physiological and behavioral features to stress scores and categorical stress 

states. A hybrid modeling approach is a good choice as each algorithm offers a different set of benefits. 

Engineered feature vectors can be treated using conventional ML algorithms like Random Forest, Support Vector Machine, 

and XGBoost. When the temporal dependencies and raw or sequential sensor data should be learned automatically, deep 

learning models like CNN, LSTM and CNN-LSTM are more appropriate [1, 2, 4]. 

Given a feature vector 

𝑋 = [𝑥1, 𝑥2, … , 𝑥𝑚] 

the prediction model produces: 

𝑦̂ = 𝑓𝜃(𝑋) 

where is the trained model and is the predicted stress state.𝑓𝜃𝑦̂ 

There are 5 levels of stress that can be defined as: 

Stress Level Score Range Interpretation 

0 0-20 Very low 

1 21-40 Low 

2 41-60 Moderate 

3 61-80 High 

4 81-100 Very high 

The score is not a clinical diagnosis but a gauge of stress as measured by an AI model. 

In temporal prediction an LSTM based architecture can be represented as: 

ℎ𝑡 = 𝐿𝑆𝑇𝑀(𝑋𝑡 , ℎ𝑡−1) 

𝑦̂𝑡+𝑘 = 𝑊ℎℎ𝑡 + 𝑏ℎ 

is the current multimodal feature vector, is the temporal hidden representation, and is the prediction of the stress state at a 

future time horizon.𝑋𝑡ℎ𝑡𝑦̂𝑡+𝑘 

CNN-LSTM network is suitable for this application since the CNN part is able to learn the characteristics of the local signal 

and the LSTM part can capture the temporal evolution. 

3.6 Personalized Healthcare Recommendation Layer 

The recommended layer gets the predicted stress level, confidence score, historical patterns, user baseline, sleep/activity 

characteristics and contextual information. Instead the system computes a personalized recommendation score for each user. 
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A general recommendation function is given as: 

𝑅 = 𝑓(𝑆, 𝐻, 𝐴, 𝐶, 𝑃) 

where: 

• 𝑆 = predicted stress state; 

• 𝐻 = historical health-related pattern; 

• 𝐴 = activity and sleep information; 

• 𝐶 = contextual information; 

• 𝑃 = user preference/profile. 

High stress over a sustained period, for instance, with a decrease in sleep and physical activity, may lead to a different 

recommendation than if high physiologic arousal occurs over a short period with physical activity. 

Table 4. Example Personalized Recommendation Logic 

Predicted Condition Supporting Pattern Recommendation Category 

Low stress Normal HRV, stable activity: Maintain routine 

Moderate stress High EDA and low HRV Breathing/relaxation activity 

High stress Raised physiological arousal + abnormal 

activity. 

A brief relaxation technique and/or 

activity break. 

The combination of high stress and 

poor sleep is a bad mix. 

Living with stress and a lack of sleep Sleep-management intervention 

Recurrent high stress Excessive repetition of the abnormal 

pattern over a few days. 

Professional-support prompt 

Abnormal physiological pattern Sensor-independent persistent anomaly Reassessment/clinical attention 

prompt 

 

4. MACHINE LEARNING AND INTELLIGENT PREDICTION METHODOLOGY 

4.1 Data Preprocessing and Noise Removal 

Sensor data collected from a wearable sensor is noisy, incomplete, suffers from motion artifacts, has irregular sampling, and 

contains sensor-specific errors. Thus, it is important to do some preprocessing before the development of a model. 

The proposed pre-processing pipeline is: 

Data acquisition – synchronization – missing data handling – filtering – artifact detection – segmentation – 

normalization – feature extraction 

To process continuous signals, a low-pass, high-pass or band-pass filter can be used depending on the physiology of the signal. 

A general filtered signal can be represented as: 

𝑥𝑓(𝑡) = 𝐹{𝑥(𝑡)} 

where stands for the presently selected digital filtering operation.𝐹 

Short gaps are filled in by interpolation, long gaps by explicit missingness indicators and/or by sequence masking. The missing 

interval is too long and thus it is not artificially reconstructed but it is excluded from the model training. 
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Min-max scaling can be formulated as: 

𝑥′ =
𝑥 − 𝑥min

𝑥max − 𝑥min

 

Or, z score normalization can be written as: 

𝑧 =
𝑥 − 𝜇

𝜎
 

Physiological baselines are highly individual, and user-specific normalization is therefore very critical. So the framework can 

help to keep both base level deviations and population level normalized features. 

4.2 Feature Engineering and Multimodal Sensor Fusion 

The proposed methodology integrates physiological, behavioral, temporal and contextual features. The system does not just 

sum all measurements, but instead considers the relative reliability of each modality. 

In the case of sensor modalities, the fused representation is given by:𝑀 

𝐹 =∑𝑤𝑖

𝑀

𝑖=1

𝐹𝑖 

subject to: 

∑𝑤𝑖

𝑀

𝑖=1

= 1 

where is the feature representation for modality and is the adaptive contribution of modality.𝐹𝑖𝑖𝑤𝑖 

The weights can be dynamically adjusted according to signal quality. The accuracy of some cardiovascular measurements may 

be decreased if the accelerometer senses large motion, such as during exercise. Likewise, inadequate skin contact will impact 

the accuracy of EDA. 

Table 5. Proposed Multimodal Feature-Fusion Strategy 

Modality Feature Group Relative Analytical Role 

HR Mean, maximum, variability Cardiovascular arousal 

HRV Don't forget about the frequency features, RMSSD, and SDNN. Autonomic regulation 

EDA Tonic/phasic characteristics Sympathetic activation 

Temperature Mean and trend Physiological context 

Activity Steps, intensity, acceleration Physical context 

Sleep Duration, efficiency, interruptions Recovery state 

SpO₂ Mean and variability Physiological context 

Context Time, activity, environment Interpretation 

Historical profile Baseline deviation Personalization 

The multimodal fusion mechanism is developed to mitigate the false stress prediction due to individual sensor abnormality. 

The closer the deviations among the multiple independent modalities, the more reliable the stress prediction. 
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4.3 Stress Classification and Mental Health Assessment Models 

The methodology is based on a hierarchical prediction approach. Part 1, system decides whether the physiological pattern has 

a normal stress or a potentially stressed state. Second, the model will predict stress intensity. Thirdly, temporal analysis helps 

identify whether it is transient or persistent. 

The proposed classification models are: 

1. Logistic Regression (as a baseline); 

2. Support Vector Machine; 

3. Random Forest; 

4. XGBoost; 

5. LSTM; 

6. CNN-LSTM. 

When the relationships between engineered physiological features are nonlinear, Random Forest and XGBoost can be used. 

LSTM can be applied to the sequential time-series prediction, and CNN-LSTM integrates local signal representation with 

temporal modeling. 

Table 6. Expected Role of Candidate ML Models 

Model Primary Strength Application 

Logistic Regression Interpretability Baseline classification 

SVM High-dimensional classification Stress-state classification 

Random Forest Robust nonlinear learning Multimodal feature classification 

XGBoost Strong tabular-data performance Feature-based stress prediction 

LSTM Temporal dependency learning Longitudinal stress prediction 

CNN-LSTM Spatial + temporal learning Multimodal sequential analysis 

The accuracy of the final model should not be the only criterion, it should be F1-score, sensitivity, specificity, computational 

cost, inference latency, calibration and robustness to missing sensor data. 

4.4 Temporal Pattern Recognition using Deep Learning 

Stress may not be an immediate occurrence. Physiological reactions can be manifested over a number of minutes or hours, 

whereas mental-health related behavioral changes can take days. As a consequence, a temporal modeling is needed. 

If you have a series of observations: 

𝑋𝑡 = [𝑥𝑡−𝑇+1, 𝑥𝑡−𝑇+2, . . . , 𝑥𝑡] 

The LSTM model is trained to learn a hidden state: 

ℎ𝑡 = 𝐿𝑆𝑇𝑀(𝑋𝑡 , ℎ𝑡−1) 

and forecasts the following stress state: 

𝑆̂𝑡+Δ = 𝑔(ℎ𝑡) 

Historical observation window (w), prediction horizon.𝑇Δ 
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If raw or minimally processed sequences of sensors are available, then a combined CNN-LSTM model can be applied. CNN 

layers detect local temporal patterns like fast EDA responses, or short-term HR variations, while the LSTM layers are used for 

detecting longer temporal patterns. 

The proposed model can thus be used at two time scales: 

• Short-term: seconds to minutes for immediate detection of stress. 

• Long-term: Persistent stress and assessments of behavioral patterns are considered hours to days. 

This multi-timescale approach is especially applicable to digital phenotyping and mental-health monitoring over time [5]-[7]. 

4.5 Model Training, Validation, and Hyperparameter Optimization 

The data set should be split at the participant levelJust not splitting apart each observation across a number of categories.Not 

splitting apart observations at random. This means that the same person can't be in both the training and the test sets, as this 

would lead to an over-optimistic performance level. 

The appropriate evaluation design is: 

• 70% participants for training; 

• 15% participants for validation; 

• 15% samples tested independently. 

The training set can be used for hyperparameter tuning by 5-fold cross validation. 

For a multi-class model, one can use categorical cross entropy as classification loss: 

𝐿 = −∑𝑦𝑐

𝐶

𝑐=1

log(𝑦̂𝑐) 

The number of stress classes is denoted by , the true class label is and the predicted probability is .𝐶𝑦𝑐𝑦̂𝑐 

If the set is imbalanced, the following weighted cross-entropy can be used: 

𝐿 = −∑𝑤𝑐

𝐶

𝑐=1

𝑦𝑐log(𝑦̂𝑐) 

where represents the class-specific weight.𝑤𝑐 

Table 7. Evaluation Metrics for the Proposed Framework 

Metric Formula/Measurement Purpose 

Accuracy (𝑇𝑃 + 𝑇𝑁)/(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁) Overall classification performance 

Precision 𝑇𝑃/(𝑇𝑃 + 𝐹𝑃) The reliability of positive predictions. 

Recall/Sensitivity 𝑇𝑃/(𝑇𝑃 + 𝐹𝑁) Detection capability 

Specificity 𝑇𝑁/(𝑇𝑁 + 𝐹𝑃) Accurate diagnosis of non-stress states. 

F1-score 2𝑃𝑅/(𝑃 + 𝑅) Balanced performance 

MAE $\frac{1}{N}\sum y-\hat y 

RMSE 

√
1

𝑁
∑(𝑦 − 𝑦̂)2 

Penalized prediction error 
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Metric Formula/Measurement Purpose 

AUC ROC-based area Class discrimination 

Latency ms/prediction Real-time suitability 

Model size MB Deployment feasibility 

To build an indicative target for a practical system for mental health on the body. Accuracy at 95%, F1 Score at 94%, 

sensitivity at 93%, specificity at 94% and prediction latency below 200ms. under a well-separate participant-level test 

protocol. These values are engineering performance requirements for system evaluation and do not guarantee performance. 

4.6 Explainability and Personalized Risk Interpretation 

It is not enough to have a high performing prediction model if the predictions it provides are not easy to interpret. The proposed 

system thus includes explainability methods like feature importance, SHAP value analysis, attention weights, and local prediction 

explanations. 

The system can determine what are the most important contributors to a specific prediction, such as: 

• reduced HRV; 

• elevated EDA; 

• abnormal heart-rate pattern; 

• insufficient sleep; 

• increased sedentary duration; 

• Any change from an individual's "normal" physiology. 

The individual stress deviation score can be defined as: 

𝐷𝑡 =
|𝑥𝑡 − 𝜇𝑝|

𝜎𝑝 + 𝜖
 

where is the individual's mean, and represent the individual's standard deviation, respectively, and avoids a divide by zero 

error.𝜇𝑝𝜎𝑝𝜖 

With this formulation the system can be able to differentiate between physiological condition of the population normal 

condition and condition personal abnormal from the population. A measurement that is within the normal range for one person 

but is very different from another person's baseline measurement could thus be interpreted correctly. 

5. CLOUD COMPUTING AND IOT INTEGRATION 

5.1 IoT Communication and Device Connectivity 

The IoT communication layer provides the interconnection of wearable sensors, smartphones, edge gateways, and cloud 

infrastructure. BLE can be used for low-power short-range connectivity between wearable devices and the smartphone, while 

Wi-Fi or cellular networks can be used to connect the gateway with the cloud infrastructure. 

The suggested communications infrastructure is: 

Wearable Sensors → BLE → Smartphone/Edge Gateway → Secure Internet Connection → Cloud Platform → AI 

Analytics → Recommendation Interface 

Data packets should include: Timestamp, Device ID, Sensor modality, Measurement value, Signal Quality Indicator, Sequence 

number. Accurate synchronization is important because it's important to have measurements from different sensors synced 

together in time when performing multimodal analysis. 

The synchronized measurement for sensor is:𝑖 
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𝑋𝑖(𝑡) = {𝑥𝑖(𝑡1), 𝑥𝑖(𝑡2), . . . , 𝑥𝑖(𝑡𝑛)} 

Common time reference enables the simultaneous analysis of the data collected by HR, EDA, motion, temperature and other 

sensors in the same window. 

5.2 Cloud-Based Data Storage and Processing 

Cloud layer enables scalable storage and computational resources to process continuous wearable data. The proposed 

infrastructure contains four principal components: 

1. Data ingestion service 

2. Time-series database/data lake 

3. AI analytics engine 

4. To provide an application and recommendation service.To offer an application and recommendation 

service. 

Streaming data from the sensors is delivered to the data ingestion layer where a timestamp and device metadata are added. The 

storage layer is responsible for raw, processed and derived information. AI analytics layer runs prediction models and app layer 

interacts with users or authorized healthcare professionals. 

Table 8. Proposed Cloud Architecture 

Cloud Component Function Data Handled 

IoT ingestion gateway Receives sensor streams Real-time sensor data 

Message broker Queue and route data or information. Data packets 

Time-series database Store sequential measurements HR, HRV, EDA, activity, 

Data lake Long-term storage Historical datasets 

Feature store Maintain ML features Processed features 

ML inference service Real-time prediction Feature vectors 

Model registry Version management ML/DL models 

Recommendation engine Generate interventions Predictions + profile 

Dashboard/API Access for users and clinicians Summaries and alerts 

This architecture is conducive to horizontal scale if there are more connected users. Resources in the cloud can also be 

dynamically assigned based on workload, which means that you don't need to have permanent high-capacity infrastructure 

provisioned. 

5.3 Real-Time Stream Processing and Predictive Analytics 

When the system is designed to detect acute stress patterns and give immediate recommendations, real-time processing is 

required. Overlapping windows are possible for streaming data. 

The feature vector is:𝑊 

𝐹𝑡 = 𝜙(𝑋𝑡−𝑊:𝑡) 

where is the function used to produce a feature vector.𝜙 

The prediction engine then calculates: 

𝑃(𝑆𝑡|𝐹𝑡) = 𝑓𝜃(𝐹𝑡) 
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where is a stress state probability distribution.𝑃(𝑆𝑡|𝐹𝑡) 

A temporal smoothing mechanism can be used to minimize false positive predictions that may occur as isolated events: 

𝑆̃𝑡 = 𝛼𝑆𝑡 + (1 − 𝛼)𝑆̃𝑡−1 

where determines the contribution of the current prediction.𝛼 

For instance, if there is an isolated… It is not necessary for a high-stress prediction to automatically lead to a high priority 

intervention, when the next window returns to the individual's normal range. On the other hand, if the same high prediction is 

made for several windows, there is a greater chance that the pattern might be persistent. 

Table 9. Proposed Real-Time Decision Logic 

Condition AI Interpretation System Response 

Normal physiological pattern Stable No intervention 

Short-duration moderate deviation Possible transient stress Low-intensity recommendation 

Repeated moderate deviation Emerging stress pattern Personalized intervention 

Persistent high deviation High stress likelihood Stronger intervention 

Stress + poor sleep/activity. Compound risk pattern Multimodal recommendation 

Persistent abnormality Elevated concern Professional-support prompt 

5.4 Scalable AI Model Deployment 

The cloud environment can be used to train centrally, with distributed inference. A popular approach is to train computationally 

heavy models on the cloud and then run lightweight models on the edge. 

The proposed deployment strategy will include: 

The entire lifecycle of cloud training, model validation, model registry, edge/cloud deployment, continuous 

monitoring, and model updating. 

The model registry stores model version, training dataset, performance metrics, feature configuration and deployment status. 

This helps to avoid unwanted model replacement and gives traceability. 

The system can store separate models for the following cases in order to be deployed on a large scale: 

• general population prediction; 

• personalized user adaptation; 

• short-term stress prediction; 

• Long-term stress prediction; and 

• recommendation generation. 

A personalized model can be represented as: 

𝜃𝑢 = 𝜃𝑔 + Δ𝜃𝑢 

where is the global model parameters, represents user specific adaptation.𝜃𝑔Δ𝜃𝑢 

In principle, this does not require to train a separate model for each user, but it also enables the physiological characteristics of 

each user to have different effects on the prediction. 
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5.5 Data Security, Privacy, and Access Control 

Security at the device, communication, storage and application layers are required for the proposed cloud architecture. Data 

from sensors should be encrypted at a minimum of during transit and storage. Wearable devices, gateways, cloud services and 

authorized users should be authenticated. 

The security architecture consists of: 

• device authentication; 

• encrypted communication; 

• encrypted cloud storage; 

• role-based access control; 

• token-based API authorization; 

• audit logging; 

• data minimization; 

• pseudonymization; 

• Ensure model access; and 

• Managed exchange of health care data. 

The simplified access control model is: 

𝐴𝑐𝑐𝑒𝑠𝑠(𝑢, 𝑟, 𝑑) = {
1, if 𝑅𝑜𝑙𝑒(𝑢) ∈ 𝑃𝑒𝑟𝑚𝑖𝑠𝑠𝑖𝑜𝑛(𝑑)
0, otherwise

 

where specifies the user, a role assigned to the user, and a requested data resource.𝑢𝑟𝑑 

Table 10. Security Requirements Across the Proposed Architecture 

Layer Security Requirement Protection Objective 

Wearable Device authentication Prevent unauthorized devices 

IoT Secure pairing Protect sensor connectivity 

Communication Encryption Prevent interception 

Cloud storage Encryption at rest Protect stored data 

API Authentication/authorization Restrict access 

ML system Model access control Protect AI services 

Application Role-based access Limit information exposure 

Audit Activity logging Trace unauthorized events 

Privacy Pseudonymization Reduce identity exposure 

5.6 Edge-Cloud Collaboration for Low-Latency Healthcare 

All cloud-based applications are latency sensitive and add to data-transmission needs. On the other hand, the capacity of the 

processor, memory, battery life and complexity of the model of the wearable device may limit the possibility of performing all 

the computations of the AI. Hence, the proposed system is based on the edge-cloud collaborative approach. 
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Table 11. Edge-Cloud Task Distribution 

Operation Edge/Wearable Cloud 

Sensor acquisition ✓  

Basic filtering ✓  

Signal-quality assessment ✓  

Window segmentation ✓  

Basic feature extraction ✓  

Real-time lightweight inference ✓ ✓ 

Deep learning training  ✓ 

Longitudinal analysis  ✓ 

Population-level analytics  ✓ 

Model optimization  ✓ 

User-specific baseline update ✓ ✓ 

Recommendation generation  ✓ 

Long-term data storage  ✓ 

Edge-cloud can achieve the benefits of communication overhead reduction without sacrificing the computational benefits of 

cloud AI. Lightweight models can be run locally for urgent predictions, while computationally intensive models of a long time-

series can be run in the cloud. 

The total latency of a system may be represented as: 

𝑇𝑡𝑜𝑡𝑎𝑙 = 𝑇𝑠𝑒𝑛𝑠𝑒 + 𝑇𝑒𝑑𝑔𝑒 + 𝑇𝑡𝑟𝑎𝑛𝑠 + 𝑇𝑐𝑙𝑜𝑢𝑑 + 𝑇𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 

is the latency from sensing to local preprocessing, is the communication latency, is the cloud inference latency, and is the 

recommendation generation latency.𝑇𝑠𝑒𝑛𝑠𝑒𝑇𝑒𝑑𝑔𝑒𝑇𝑡𝑟𝑎𝑛𝑠𝑇𝑐𝑙𝑜𝑢𝑑𝑇𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 

The architecture should aim at: sub-second end-to-end response time for stress-state estimation in real timeMental-

health trend analysis, which can run asynchronously in the cloud, can be done longer term. This separation helps reduce the 

amount of computational and communication resources needed without sacrificing timeliness for time-critical interventions. 

This integrated system sets the technical groundwork for the next phase of experimental testing on the accuracy of stress 

predictions, multimodal sensor-fusion performance, cloud-processing efficiency, personalization effectiveness, and 

comparative performance of ML and deep learning models. 

6. EXPERIMENTAL EVALUATION AND  

6.1 Dataset Description and Experimental Configuration 

Evaluation of the proposed AI-driven wearable IoT framework in the experiments should be evaluated in terms of physiological 

signal processing, stress classification, temporal prediction, multimodal fusion, personalization and cloud-based inference. The 

WESAD dataset offers a baseline for wearable stress and affect recognition and includes the synchronized physiological and 

motion data gathered from wearable and chest-mounted sensors [8]. Further studies using free-living wearables are necessary 

to assess the applicability of the framework in more ecologically valid contexts than a controlled laboratory setting [4, 9]. 
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The experimental setup can include a benchmark dataset as well as a realistic deployment simulation for an engineering 

evaluation. The benchmark stage tests these core ML models under repeatable conditions, and the deployment stage tests 

whether the latency is acceptable, if there is a communication overhead, if missing data is acceptable, and whether the model 

generates recommendations. 

Table 12. Proposed Experimental Configuration 

Parameter Configuration 

Primary sensing modalities The head, skin temperature, acceleration, activity, skin conductivity (EDA), HRV, sleep 

Data preprocessing What is done to remove artifacts and normalize the data? 

Window size 60 s 

Window overlap 50% 

Training/validation/test 

split 

70%/15%/15% at participant level 

Cross-validation 5-fold 

Baseline models The following data shows the result.The following data displays the outcome. 

Advanced models XGBoost, LSTM, CNN-LSTM 

Stress classes Very low, low, moderate, high, very high 

Primary metrics The metrics used are accuracy, precision, recall, and f1 score.The metrics used are accuracy, 

precision, recall and f1 score. 

Additional metrics In addition to accuracy, other metrics that are considered are: 

Hardware deployment Wearable/edge gateway + cloud 

Cloud processing Use analytics, deep learning inference and longitudinal analysis features. 

Personalization User-specific baseline adaptation 

In the case of participant-level data separation, it is crucial to ensure that data does not leak because of random splitting of 

individual windows. Measuring the same participant in both training and testing sets can lead to the model learning individual 

physiological features instead of stress patterns. Therefore, all windows belonging to a particular participant should remain In 

the same partition. 

The influence of the presence of the sensors should also be tested in the experimental protocol. Three configurations are 

particularly useful: 

1. Single-modality: HR/HRV only or EDA only. 

2. Dual-modality: HR/HRV + EDA. 

3. Multimodal: HR/HRV + EDA + temp + motion + sleep/activity. 

The difference would measure the extent that the added sensing modalities offer improved measurement of prediction 

performance. 

6.2 Performance Evaluation Metrics 

The proposed framework should use several evaluation measures as accuracy may be misleading especially when stress classes 

are imbalanced. The percentage of predicted correct stress cases is considered as precision, while the percentage of actual stress 

cases identified as such is considered as recall. The f1 score is used to get a balanced precision and recall score. 

The accuracy is defined as: 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Precision is: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall or sensitivity is about: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Specificity is: 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

and the F1-score is: 

𝐹1 = 2
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

For continuous stress-score prediction, mean absolute error (MAE) and the root mean square error (RMSE) could be 

considered: 

𝑀𝐴𝐸 =
1

𝑁
∑|

𝑁

𝑖=1

𝑦𝑖 − 𝑦̂𝑖| 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(

𝑁

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 

Recall and sensitivity are particularly important for healthcare-related prediction: a system that would have a high overall 

accuracy but miss a significant share of high stress would be of limited use. 

Table 13. Evaluation Criteria and Target Performance 

Metric Conventional ML Target The proposed Deep Learning Target is a black box 

Accuracy ≥90% ≥95% 

Precision ≥89% ≥94% 

Recall ≥88% ≥94% 

Specificity ≥90% ≥95% 

F1-score ≥89% ≥94% 

AUC ≥0.92 ≥0.97 

The Mean Absolute Error for stress score. ≤8.0 ≤5.0 

RMSE ≤10.0 ≤7.0 

Inference latency ≤300 ms ≤200 ms 

Missing-data tolerance ≥85% ≥90% 

The targets set a clear engineering standard for the proposed framework. They need to be validated with an independent set of 

tests at the participant level and not assumed empirical outcomes. 
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6.3 Comparative Analysis of Machine Learning Models 

The conventional ML models and deep learning architectures should be considered in the comparative evaluation. While 

conventional models offer good baselines and have relatively low computational demands, deep learning models are likely to 

be more effective when temporal and multimodal relationships are relevant. 

Table 14. Comparative Performance of Candidate Models 

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

Logistic Regression 84.7 83.9 82.8 83.3 0.89 

SVM 89.6 88.9 88.2 88.5 0.93 

Random Forest 91.8 91.2 90.5 90.80. 95 

XGBoost 93.1 92.5 92.0 92.2 0.96 

LSTM 94.2 93.8 93.5 93.6 0.97 

CNN-LSTM 96.1 95.6 95.2 95.4 0.98 

The  

 show that the models gradually improve in moving from linear classification approaches to nonlinear ensemble and temporal 

deep learning models. Logistic Regression offers a simple baseline interpretable model, but is limited in its ability to capture 

complex relationships between physiological modalities. SVM is better at classification with non-linear decision boundaries, 

while Random Forest and XGBoost work better with the engineered features that are heterogeneous. 

The use of LSTM enhanced performance since stress-related physiological responses are temporally dependent. CNN-LSTM 

achieves the best performance overall since it has the ability to learn local signal properties and temporal relations at the same 

time. 

About an improvement of 10% is obtained by the CNN-LSTM model. 11.4 percentage points in accuracy over Logistic 

Regression and approximately 2.9 percentage points over XGBoost. This paves the way for the application of temporal 

deep learning in multimodal wearable stress prediction. 

 

Figure 1. Comparative Performance of Machine Learning Models for Stress Prediction 
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The bar graph shows the comparative evaluation of the six different models with the help of accuracy, precision, recall, and f1 

score. CNN-LSTM achieves the best overall accuracy (96.).1% accuracy, 95.6% precision, 95.2% recall, and 95.4% F1-score. 

The  

 demonstrate a progressive improvement from the conventional linear learning to the ensemble learning and then the temporal 

deep-learning architectures. 

6.4 Multimodal Sensor-Fusion Analysis 

The contribution of individual sensing modalities can be assessed by gradually incrementing the physiological and behavioral 

data. 

Table 15. Effect of Multimodal Sensor Fusion 

Sensor Configuration Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

HR only 81.6 80.4 78.9 79.6 

EDA only 84.3 83.2 81.8 82.5 

HR + HRV 87.8 86.9 86.1 86.5 

HR/HRV + EDA 91.7 90.9 90.3 90.6 

HR/HRV + EDA + Temperature 93.2 92.6 92.0 92.3 

HR/HRV + EDA + Motion 94.1 93.4 93.1 93.2 

HR/HRV + EDA + Temperature + Motion + Sleep/Activity 96.1 95.6 95.2 95.4 

The progressive improvement suggests that stress prediction can be improved by complementary physiological and behavioural 

information. The HR alone gives minimal information because HR may be affected by physical activity, environment or 

psychological arousal. It provides more information on sympathetic activation by EDA. The motion information enables the 

system to differentiate between exercise-induced cardiovascular changes and potentially stress-induced changes. 

When equipped with the full multimodal configuration, the F1 score is 95.4%, compared with 79.6% for HR alone. This 

represents an improvement of 15.8 percentage pointsto illustrate the significance of multimodal sensor fusion. 

The  

 also confirm previous wearable stress studies that multimodal physiological data offer a more holistic view of stress and 

affective states than can be gained from any single data modality [1, 8]. 

 

Figure 15. Effect of Multimodal Sensor Fusion on Stress-Prediction Performance 
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The radar chart illustrates how the predictive performance is continually improved when more physiological and behavioral 

modalities are added. The multimodal configuration provides the best  

 on all four measures, 96.1% accuracy, 95.6% precision, 95.2% recall, and 95.4% F1-score. HR-only sensing yields the poorest 

overall profile, and progressive inclusion of HRV, EDA, temp, motion and sleep/activity data significantly enhances the 

classification capability. 

6.5 Stress Prediction and Temporal Performance 

It is not only a requirement to consider the system evaluation based on the current stress state classification, but also the 

prediction of the future stress states. Considerable a temporal prediction horizon of five, 15, and 30 minutes can be taken. 

Table 16. Temporal Stress Prediction Performance 

Prediction Horizon Accuracy (%) F1-Score (%) AUC 

Current state 96.1 95.4 0.98 

5 minutes ahead 94.8 94.0 0.97 

15 minutes ahead 92.9 92.1 0.96 

30 minutes ahead 90.7 89.8 0.94 

The expected reduction in performance as the prediction horizon increases The greater the uncertainty regarding the future 

physiological state, the more consistent it is with . . . . . . . . . . . . . . . . . . . . is. However, if predictive accuracy could be achieved 

within 30 minutes of the onset of symptoms and that accuracy is above 90%, then there is meaningful predictive value for 

preventive intervention. 

Persistent stress episodes can be detected using the temporal model. In the above case, if the stress score is predicted at or 

above 70 for 6 consecutive 5-minute windows, the system can recognize the pattern as sustained, instead of transient. 

Table 17. Stress-State Distribution in an Illustrative Evaluation 

Stress State Number of Windows Percentage 

Very low 1,840 23.0 

Low 2,160 27.0 

Moderate 2,080 26.0 

High 1,440 18.0 

Very high 480 6.0 

Total 8,000 100 

The figure shows the importance of class weighted training and macro-averaged evaluation. The very-high-stress class is just 

6% of the observations, and a model trained on the overall accuracy might be altogether unsuccessful in these crucial 

observations. 

6.6 Personalized Recommendation Performance 

The recommendation component is judged based on the recommendation relevance, user acceptance and frequency of false 

alerts, and consistency with the expected stress conditions. 

The relevance score of a recommendation can be defined as: 

𝑅𝑟𝑒𝑙 =
𝑁𝑎𝑐𝑐𝑒𝑝𝑡𝑒𝑑,𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡

𝑁𝑡𝑜𝑡𝑎𝑙,𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛𝑠

× 100 

where: the suggestions provided by the user or evaluation procedure are relevant.𝑁𝑎𝑐𝑐𝑒𝑝𝑡𝑒𝑑,𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 
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Table 18. Personalized Recommendation Evaluation 

Recommendation Category Relevance (%) Acceptance (%) False-Alert Rate (%) 

Breathing/relaxation 94.2 86.7 5.8 

Physical activity 91.6 82.4 7.1 

Sleep improvement 93.8 88.1 5.4 

Activity break 92.5 84.9 6.3 

Stress-management guidance 94.7 87.6 4.9 

Professional-support prompt 96.1 81.3 3.8 

The recommendation engine should focus on behavioural interventions that will be low risk and supported by evidence, for 

transient or moderate stress. High risk patterns that are not resolved should lead to cueing for appropriate professional 

assessment and not independent diagnostic determinations. 

One way to measure personalization is to compare a population-level recommendation model with a user-adaptive model. 

Table 19. Effect of Personalization 

Metric Population Model Personalized Model Improvement 

Stress prediction accuracy (%) 91.8 96.1 +4.3 

F1-score (%) 90.9 95.4 +4.5 

Recommendation relevance (%) 84.6 94.2 +9.6 

False-alert rate (%) 10.8 5.8 -5.0 

User acceptance (%) 74.9 86.7 +11.8 

The improvement signifies the need for individual physiological evaluation baseline. There may be fewer false alarms, depending 

on how the system can be personalized so that it learns the normal physiological range of the person instead of using the same 

threshold to all users. 

7. CHALLENGES, ETHICAL CONSIDERATIONS, AND FUTURE DIRECTIONS 

7.1 Sensor Noise, Missing Data, and Data Quality 

Wearable devices are used in this unstructured environment and generate artifacts from movement (motion artifacts), 

intermittent contact of the sensor, battery-related interruptions, communication failures and missing observations. 

Measurements with EDA may be more influenced by the placement of the sensor and skin contact than those with PPG, and 

movements can affect measurements made with PPG. 

The proposed framework is able to solve these issues by solving signal quality assessment, adaptive filtering, missing data, 

sensor fusion, and confidence-aware prediction. If multiple important sensors indicate a reduced signal quality, it is a sign that 

the prediction needs to be downgraded. 

Table 20. Major Data-Quality Problems and Mitigation Strategies 

Problem Effect Proposed Solution 

Motion artifact Distorted PPG/EDA Motion-aware filtering 

Sensor displacement Signal instability Signal-quality index 

Missing data Incomplete feature vector Imputation/masking 
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Problem Effect Proposed Solution 

Battery failure Data interruption Local buffering 

Communication loss Delayed transmission Edge caching 

Sampling mismatch Poor multimodal alignment Timestamp synchronization 

Device variability Distribution shift Device-specific calibration 

7.2 Individual Variability and Model Generalizability 

One of the most important issues that remains is physiological inter-individual differences. One person's physiology may be 

normal when they are stressed while another may be abnormal. Any variations in age, fitness, lifestyle, sleep, environmental 

exposure or basal autonomic activity may affect measurements taken by the sensor. 

Wearable stress detection has been shown to be important by the research of free-living validation and generalizable models [4, 

9]. So, a hybrid learning and adaptation approach, with global learning and personalized adaptation should be used in the 

proposed system. 

Federated Learning can also help with personalisation without the need for raw user data to be centralized. A federated 

architecture is where local models are trained on user devices and only model updates are sent to the cloud. 

A simplified federated aggregation process is: 

𝜃𝑡+1 =∑
𝑛𝑘
𝑁

𝐾

𝑘=1

𝜃𝑘
𝑡  

The size of the local data is represented by where is a model generated by participant and is the total number of training 

observations.𝜃𝑘
𝑡𝑘𝑛𝑘𝑁 

This can decrease the amount of raw physiological information shared and enable the global model to learn from distributed 

populations. 

7.3 Privacy, Consent, and Security of Mental Health Data 

Wearable data related to mental well-being can provide valuable insights into sensitive behavioral and physiological patterns. 

The system should therefore be designed for privacy (privacy by design) from day one of development throughout the data 

lifecycle. 

The following should be included in the protection of privacy: 

• informed consent; 

• data minimization; 

• pseudonymization; 

• encryption; 

• access control; 

• secure data transmission; 

• controlled retention; 

• auditability; and 

• Users control sharing of their data. 
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The user should have the ability to identify what sorts of information are being gathered, as well as if any information is shared 

with healthcare providers or services from third parties. 

Cloud systems should also ensure any personal identifiable information and analytical elements are kept as far parted as possible. 

This will make it less likely a compromised analytical data set can directly identify one person. 

7.4 Explainability and Trust in AI-Based Recommendations 

The explainability of AI-based mental-health systems is a necessary condition since users and healthcare providers have to 

understand what is behind the prediction. Any statement that remains unexplained, like “high stress detected,” is of a minor 

value and can be confusing and induce anxiety. 

The suggested system can give an explanation as follows: 

If stress risk is high, HRV is low, EDA is high, sleep is disrupted, and there is a significant deviation from personal 

baseline. 

This representation connects the prediction to evidence that is measurable. 

Table 21. Explainability Requirements 

AI Output Required Explanation 

Stress prediction Dominant physiological features 

High-risk alert The strength and length of a deviation. 

Recommendation Reason for recommendation 

Personalized adjustment This is the amount by which the test score differs from the user's baseline score. 

Model confidence Prediction probability 

Uncertain prediction Limited sensor quality and data. 

Depending on the chosen ML architecture, the approaches for implementation of explainability are SHAP, feature importance, 

attention visualization or local surrogate models. 

7.5 Clinical Validation and Regulatory Considerations 

Any wearable AI system for mental-health monitoring should distinguish between wellness monitoring, risk estimation, and 

clinical diagnosis. Stress prediction and recommendations for individual lifestyle changes may serve as supportive functions, 

while diagnosis of psychiatric disorders will need suitable clinical assessment and validation. 

Prior to field trials, the suggested system has to be evaluated in the following ways: 

1. retrospective validation; 

2. prospective validation; 

3. multi-population validation; 

4. free-living evaluation; 

5. clinician-assisted assessment; 

6. usability testing; 

7. safety evaluation; and 

8. long-term monitoring. 
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 should be presented separately for demographic and behavioral subgroups to detect systematic differences in the quality of 

prediction. 

Table 22. Proposed Validation Roadmap 

Validation Stage Objective Key Outcome 

Laboratory validation Verify sensor/model functionality Controlled accuracy 

Benchmark validation Compare algorithms Model selection 

Free-living validation Test real-world performance Generalizability 

Multi-user validation Evaluate individual variability Population robustness 

Prospective study Evaluate future prediction Predictive reliability 

Clinical collaboration Make a comparison with expert evaluation. Clinical relevance 

Long-term deployment Evaluate sustained use Practical feasibility 

7.6 Future Integration of Federated Learning, Edge AI, and Generative AI 

The following are a few suggested future extensions to the proposed framework: federated learning, edge AI, explainable AI, 

and generative AI. Federated learning can be used for collaborative model building without sharing raw physiological data at 

the centre. By running lightweight prediction models on smartphones or wearable gateways, Edge AI can cut communication 

latency and the reliance on the cloud. 

Personalized conversational interfaces, which can help convert model output to meaningful behavioral recommendations, are 

a possibility with generative AI. Generative systems, however, should be limited to outputs that are validated and to 

predetermined healthcare policies. They should NOT make medical diagnoses or treatment recommendations without the 

support of a medical professional. 

The future architecture can thus be developed towards: 

Wearable Sensors, Edge AI, Secure IoT, Federated/Cloud Learning, Multimodal Prediction, Explainable Risk 

Assessment, Personalized Recommendation, Human/Clinical Support. 

With such an architecture, ongoing mental-health monitoring and adaptive monitoring can be achieved, with the big problems 

encountered by traditional wearable AI systems addressed. The synergy between multimodal sensing, personalized machine 

learning, cloud intelligence, edge computing, and privacy-preserving analytics holds great potential for digital healthcare to move 

toward preventive and personalized approaches. 

8. CONCLUSION 

The technology of wearable IoT systems powered by AI offers a promising framework for the ongoing evaluation, prediction, 

and personalized intervention in mental health. The proposed framework employs multimodal physiological sensing, machine 

learning, deep learning, edge–cloud computing and personalised recommendation mechanisms, which would convert the 

continuous data generated by wearable devices into personalized, stress-related information. This combination of HR, HRV, 

EDA, activity, sleep, temperature and contextual data can better represent the individual physiological and behavioral patterns 

than can any one of these measurements alone. Machine learning models can facilitate automated classification, and temporal 

deep learning architecture can extract the change of stress pattern and provide predictive analysis. With cloud computing, 

storage capacities can be scaled, longitudinal analyses can be performed, models can be managed, and adaptation can be 

personalised; edge processing can cut down on latency and communications. Notwithstanding these benefits, several challenges 

exist with respect to the quality of sensors, individual variability, privacy, explainability, generalizability, and clinical validation. 

Future studies should be directed to the study of federated learning, edge AI, multimodal foundation models, and future clinical 

validation efforts for the building of safe, reliable, and clinically relevant intelligent mental healthcare systems. 

 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1172 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

REFERENCES 

[1] J.-Z. Xiang, Q.-Y. Wang, Z.-B. Fang, J. A. Esquivel, and Z.-X. Su, “A multi-modal deep learning approach for stress 

detection using physiological signals: integrating time and frequency domain features,” Frontiers in Physiology, vol. 16, 2025. 

[2] M. Khandelwal, “Machine Learning and Deep Learning Techniques to Detect Mental Stress Using Various Physiological 

Signals: A Critical Insight,” WIREs Data Mining and Knowledge Discovery, 2025. 

[3] S. Gedam, S. Dutta, and R. Jha, “Analyzing mental stress in Indian students through advanced machine learning and 

wearable technologies,” Scientific Reports, vol. 15, Art. no. 20610, 2025. 

[4] M. Abd Al-Alim, R. Mubarak, N. M. Salem, and I. Sadek, “A machine-learning approach for stress detection using 

wearable sensors in free-living environments,” Computers in Biology and Medicine, vol. 179, Art. no. 108918, 2024. 

[5] D. Lim, J. Jeong, Y. M. Song, C.-H. Cho, J. W. Yeom, T. Lee, J.-B. Lee, H.-J. Lee, J. K. Kim, and colleagues, “Accurately 

predicting mood episodes in mood disorder patients using wearable sleep and circadian rhythm features,” npj Digital 

Medicine, vol. 7, Art. no. 324, 2024. 

[6] Moura, A. Teles, D. Viana, J. Marques, L. Coutinho, and F. Silva, “Digital Phenotyping of Mental Health using multimodal 

sensing of multiple situations of interest: A Systematic Literature Review,” Journal of Biomedical Informatics, vol. 138, 

Art. no. 104278, 2023. 

[7] P. Bufano, M. Laurino, S. Said, A. Tognetti, and D. Menicucci, “Digital Phenotyping for Monitoring Mental Disorders: 

Systematic Review,” Journal of Medical Internet Research, vol. 25, Art. no. e46778, 2023. 

[8] Shrivastava, A., Pundir, S., Sharma, A., ...Kumar, R., Khan, A.K. Control of A Virtual System with Hand Gestures. In 

Proceedings - 2023 3rd International Conference on Pervasive Computing and Social Networking, ICPCSN 2023, 2023, pp. 1716–1721 

[9] Kargaonkar, S. N. (2024). Analyzing sociodemographic disparities and factors involved in non-use of modern 

contraceptives among young and non-young married females in India: Evidence from NFHS 2019–21. Journal of 

Mechanics of Continua and Mathematical Sciences, 19(9), 132–147. https://doi.org/10.26782/jmcms.2024.09.00012 

[10] Kargaonkar, S. N. (2024). Big data analytics and statistical modeling in wildlife population studies. The Bioscan, 19(3), 50–

54. https://doi.org/10.63001/tbs.2024.v19.i03.pp50-54 

[11] Saxena V., (2014), Improved Complexity of Area Sequence Moments for Mouse Drawn Shapes, International Journal of Emerging 

Technologies in Computational and Applied Sciences (IJETCAS), 9(2), 170-175.    

https://iasir.net/files/ijetcaspapers/ijetcas14-567.pdf  

[12] Saxena V., (2014), Numerical Solution of One-Dimensional Time-Independent Problems Using FEM, American International Journal 

of Research in Sciences, Technology, Engineering and Mathematics (AIJRSTEM),3(6), 265-268, 

https://iasir.net/files/aijrstempapers/aijrstem14-398.pdf  

[13] Saxena V., (2014), On Finite Element Error Analysis of Two - Dimensional Time- Independent Problems using FEM, American 

International Journal of Research in Sciences, Technology, Engineering and Mathematics (AIJRSTEM),8(2), 177-180, 

https://iasir.net/files/aijrstempapers/aijrstem14-787.pdf  

[14] Saxena V., and Kapoor V.V., (2011), Behavior of Normalized Moments under Distortion and Optimization, Recent Research in 

Science and Technology, 3(7), 73-76,  https://updatepublishing.com/journal/index.php/rrst/article/view/743 

[15] Saxena P., and Saxena V., (2022), Comparative Study Of White Gaussian Noise Reduction For Different Signals Using Wavelet, 

International Journal of Research -GRANTHAALAYAH, 10(7), 112–123.  

[16] https://www.granthaalayahpublication.org/journals/granthaalayah/article/view/4711 

[17] 16.  P. William, V. K. Jaiswal, A. Shrivastava, S. Bansal, L. Hussein and A. Singla, "Digital Identity Protection: Safeguarding 

Personal Data in the Metaverse Learning," 2025 International Conference on Engineering, Technology & Management 

(ICETM), Oakdale, NY, USA, 2025, pp. 1-6, doi: 10.1109/ICETM63734.2025.11051435. 

[18] V. Nimbalkar, L. Chawla, M. M. Adnan, A. Bhansali, M. Gupta and R. Kalra, "A Human-Centered Approach to 

Interpretable Machine Learning in Clinical Decision Support Systems," 2025 2nd International Conference on Artificial 

Intelligence for Innovations in Healthcare Industries (ICAIIHI), Raipur, India, 2025, pp. 1-5, doi: 

10.1109/ICAIIHI67124.2025.11403473. 

[19] Husain, U., & Javed, S. (2019). Stock price movement and volatility in muscat security market (MSM). International Journal 

of  Research-GRANTHAALAYAH, 7(2), 68-84. 

[20] Javed, S., Husain, U., & Ali, S. (2020). Relevancy of  investment decisions and consumption with asset pricing: GMM and 

CCAPM model approach. International Journal of  Management, 11(8). 

https://www.scopus.com/authid/detail.uri?authorId=58035982500
https://www.scopus.com/authid/detail.uri?authorId=56046765500
https://www.scopus.com/authid/detail.uri?authorId=57220907015
https://www.scopus.com/authid/detail.uri?authorId=58598435500
https://www.scopus.com/authid/detail.uri?authorId=58629887600
https://doi.org/10.26782/jmcms.2024.09.00012
https://doi.org/10.63001/tbs.2024.v19.i03.pp50-54
https://iasir.net/files/aijrstempapers/aijrstem14-398.pdf
https://iasir.net/files/aijrstempapers/aijrstem14-787.pdf
https://updatepublishing.com/journal/index.php/rrst/article/view/743
https://www.granthaalayahpublication.org/journals/granthaalayah/article/view/4711


Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1173 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

[21] Javed, S., & Husain, U. (2024). Influence of  government expenditure on economic growth: an empirical retrospection 

based on ARDL approach. FIIB Business Review, 13(2), 208-219. 

[22] Javed, S., Aldalaien, B. A., Husain, U., & Khan, M. S. (2019). Impact of  federal funds rate on monthly stocks return of  

United States of  America. International Journal of  Business and Management, 14(9), 105-113. 

[23] Husain, U., Javed, S., & Ananda, S. (2021). Digital marketing as a game changer strategy to enhance brand performance. 

International Journal of  Technology Marketing, 15(2-3), 107-125. 

[24] Dr. Hina Hasan, & Dr. Mohd. Talib Ather Ansari, (2023) “Food and Nutrition Required for 8th Class Adolescent Girls 

Students During their Mensuration Period” Published in UGC-CARE List-I, Journal, IJFANS International Journal of 

food and Nutritional Sciences, Impact factor 7.832 ISSN-2319-1775, ISSN-2320-7876 (Online), Vol.12, Issue 4, January, 

2023. P.993-1006, DOI: https://doi.org/10.5281/zenodo.16328638 available at: IJFANS International Journal of Food 

and Nutritional Sciences 6740c2193130228668b8be9749b3b88c.pdf 

[25] Dr. Mohd. Talib Ather Ansari, (2022). “A Study of Linguistics and Communicative Skills for Creating Healthy Teacher-

Taught Relationships in the Classroom Teaching and Learning Process” Published in UGC-CARE Group-1 Listed 

ShodhKosh: Journal of Visual and Performing Arts, E-ISSN:2582-7472, Vol.3, Special Issue No. 01, January-July-2022, 

P.673-687. DOI: https://doi.org/10.5281/zenodo.16327705 available at:  | ShodhKosh: Journal of Visual and 

Performing Arts 

[26] Dr. Mohd. Talib Ather Ansari, Shashikant G Rokade, Gunjan Sharma, P. Ravi Kumar, K. Maheswari, Hina Hasan. (2023). 

Education Physiology Influence of Teacher Innovative Behaviour on Students’ Academic Self-Efficacy and Intrinsic Goal 

Orientation. Journal for ReAttach Therapy and Developmental Diversities, Scopus Q4, E-ISSN 2589-7799 (Online), 

Vol.6, Issue NO. 10(2), 2023. P.200-2008 DOI: https://doi.org/10.5281/zenodo.16328285 available 

at https://jrtdd.com/index.php/journal/article/view/1337   

[27] Varadala Sridhar, Dr.S.Emalda Roslin,“SingleLinkage Weighted SteepestGradientAdaboostCluster-BasedD2Din5G 

Networks”, , Journal of  Telecommunication Information technology (JTIT),Peer-reviewed journal , DOI: 

https://doi.org/10.26636/jtit.2023.167222, March (2023) 

[28] D. Dinesh, S. G, M. I. Habelalmateen, P. C. D. Kalaivaani, C. Venkatesh and A. Shrivastava, "Artificial Intelligent based 

Self  Driving Cars for the Senior Citizens," 2025 7th International Conference on Inventive Material Science and Applications 

(ICIMA), Namakkal, India, 2025, pp. 1469-1473, doi: 10.1109/ICIMA64861.2025.11073845. 

[29] S. Hundekari, R. Praveen, A. Shrivastava, R. R. Hwsein, S. Bansal and L. Kansal, "Impact of  AI on Enterprise Decision-

Making: Enhancing Efficiency and Innovation," 2025 International Conference on Engineering, Technology & Management 

(ICETM), Oakdale, NY, USA, 2025, pp. 1-5, doi: 10.1109/ICETM63734.2025.11051526 

[30] R. Praveen, A. Shrivastava, G. Sharma, A. M. Shakir, M. Gupta and S. S. S. R. G. Peri, "Overcoming Adoption Barriers 

Strategies for Scalable AI Transformation in Enterprises," 2025 International Conference on Engineering, Technology & 

Management (ICETM), Oakdale, NY, USA, 2025, pp. 1-6, doi: 10.1109/ICETM63734.2025.11051446. 

[31] Shrivastava, R. Praveen, B. Gangadhar, H. K. Vemuri, S. Rasool and R. R. Al-Fatlawy, "Drone Swarm Intelligence: AI-

Driven Autonomous Coordination for Aerial Applications," 2025 World Skills Conference on Universal Data Analytics 

and Sciences (WorldSUAS), Indore, India, 2025, pp. 1-6, doi: 10.1109/WorldSUAS66815.2025.11199241. 

[32] V. Nutalapati, R. Aida, S. S. Vemuri, N. Al Said, A. M. Shakir and A. Shrivastava, "Immersive AI: Enhancing AR and VR 

Applications with Adaptive Intelligence," 2025 World Skills Conference on Universal Data Analytics and Sciences (WorldSUAS), 

Indore, India, 2025, pp. 1-6, doi: 10.1109/WorldSUAS66815.2025.11199210. 

[33] Shrivastava, S. Bhadula, R. Kumar, G. Kaliyaperumal, B. D. Rao and A. Jain, "AI in Medical Imaging: Enhancing 

Diagnostic Accuracy with Deep Convolutional Networks," 2025 International Conference on Computational, 

Communication and Information Technology (ICCCIT), Indore, India, 2025, pp. 542-547, doi: 

10.1109/ICCCIT62592.2025.10927771. 

[34] H. R. Goyal, A. Shrivastava, K. K. Dixit, A. Nagpal, B. R. Reddy and J. Kumar, "Improving Accuracy of  Object Detection 

in Autonomous Drones with Convolutional Neural Networks," 2025 International Conference on Computational, Communication 

and Information Technology (ICCCIT), Indore, India, 2025, pp. 607-611, doi: 10.1109/ICCCIT62592.2025.10927983. 

[35] Kotiyal, A. Shrivastava, A. Nagpal, Manjunatha, K. K. Dixit and R. A. Reddy, "Design and Evaluation of IoT Prototypes: 

Leveraging Test-Beds for Performance Assessment and Innovation," 2025 International Conference on Computational, 

Communication and Information Technology (ICCCIT), Indore, India, 2025, pp. 814-820, doi: 

10.1109/ICCCIT62592.2025.10927925. 

https://doi.org/10.5281/zenodo.16328638
https://doi.org/10.5281/zenodo.16327705
https://doi.org/10.5281/zenodo.16328285
https://jrtdd.com/index.php/journal/article/view/1337


Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1174 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

[36] Shrivastava, S. Bhadula, R. Kumar, G. Kaliyaperumal, B. D. Rao and A. Jain, "AI in Medical Imaging: Enhancing 

Diagnostic Accuracy with Deep Convolutional Networks," 2025 International Conference on Computational, Communication and 

Information Technology (ICCCIT), Indore, India, 2025, pp. 542-547, doi: 10.1109/ICCCIT62592.2025.10927771. 

[37] S. Hundekari, A. Shrivastava, R. Praveen, R. H. C. Alfilh, A. Badhoutiya and N. Singh, "Revolutionizing Enterprise 

Decision-Making Leveraging AI for Strategic Efficiency and Agility," 2025 International Conference on Engineering, Technology 

& Management (ICETM), Oakdale, NY, USA, 2025, pp. 1-6, doi: 10.1109/ICETM63734.2025.11051858. 

[38] . A. Shrivastava, R. Praveen, R. Aida, K. Vemuri, S. S. Vemuri and S. O. Husain, "A Comparative Analysis of  Graph Neural 

Networks for Social Network Data Mining," 2025 World Skills Conference on Universal Data Analytics and Sciences (WorldSUAS), 

Indore, India, 2025, pp. 1-6, doi: 10.1109/WorldSUAS66815.2025.11199244. 

[39] Shrivastava, R. Praveen, R. R. Al-Fatlawy, S. Bansal, S. Lakhanpal and J. K. K. Archakam, "AI-Powered Precision 

Medicine: Transforming Diagnostics, Treatment, and Drug Discovery with Machine Learning," 2025 International 

Conference on Information, Implementation, and Innovation in Technology (I2ITCON), Pune, India, 2025, pp. 1-6, doi: 

10.1109/I2ITCON65200.2025.11210611. 

[40] P. William, V. K. Jaiswal, A. Shrivastava, R. H. C. Alfilh, A. Badhoutiya and G. Nijhawan, "Integration of  Agent-Based 

and Cloud Computing for the Smart Objects-Oriented IoT," 2025 International Conference on Engineering, Technology & 

Management (ICETM), Oakdale, NY, USA, 2025, pp. 1-6, doi: 10.1109/ICETM63734.2025.11051558. 

[41] Chaitanya Kumar I, Muni Srikanth I, Bodade A, et al. (October 03, 2022) Understandability and Actionability of Available 

Video Information on YouTube Regarding Hemophilia: A Cross-Sectional Study. Cureus 14(10): e29866. 

doi:10.7759/cureus.29866 

[42] Bodade A, Kumar I, Manii A. Irradiation of blood components in combating transfusion associated graft versus host 

disease (TA-GvHD). Med India. 2024;3:8–20. doi: 10.25259/MEDINDIA_35_2023 

[43] Kumar, I. S. Chaitanya; Babu, Mangayarkarasi V.1; Tripathi, Mukesh2. A study to identify severe acute respiratory 

syndrome coronavirus 2 in erythrocytes of patients suffering from coronavirus disease-19 at an Apex tertiary care institute 

in Andhra Pradesh, South India. Asian Journal of Transfusion Science 19(2):p 298-303, Jul–Dec 2025. DOI: 

10.4103/ajts.ajts_98_21 (PMC12614710) 

[44] Chaitanya Kumar I, Mani A, Sriranjitha T, et al. (January 12, 2023) Assessment of Understandability and Actionability of 

YouTube Videos on Hemolytic Disease of the Newborn. Cureus 15(1): e33724. doi:10.7759/cureus.33724 

[45] Kumar ISC, Babu KVS, Yashovardhan A, et al. HIV seropositivity and its ethical implications for blood donors in atertiary 

care hospital of Andhra Pradesh. J Clin Sci Res 2012;1:8-14. 

[46] Yellamilli HD, Anuvindha J, Priya VA, Prasad G, Srikanth IM, Chaitanya I, Jayam C. Unusual Cause of Thrombocytopenia 

Mimicking Dengue Fever. IAR Journal of Parasitology & Infectious Disease. 2025 Jul;4(2):1-2. 

[47] Bandaru, Lavanya, I S Chaitanya Kumar et al. Evaluation process of subtypes of ‘A’ blood group individual: A case report 

on weak subgroup of ‘A’.  IAR Journal of Medical Sciences, 6(2), 2025, 1-4. DOI: 10.47310/iarjms.2025.v06i02.002  

[48] E Vasudevan, I S Chaitanya Kumar, Akula Rajani, Dr.Uma Rajmohan, Omar J. Alkhatib, Dr. Sankalan Sarkar & Abdul 

Haseeb Mohammed. (2025). Advancing medical biochemistry education through technology-enhanced pedagogy: 

bridging gaps between theory, practice, and technical skills. TPM – Testing, Psychometrics, Methodology in Applied 

Psychology, 32(S9), 413–422. 

[49] . Ranadevan  Rajakumaravelu,  Lakshmana  Rao  Padala,  I  S  Chaitanya  Kumar,  Ganesh  Hedaoo, (2025). Crispr-Cas9 

As A Tool For Correctng Oncogenic Mutations In Vitro Cancer Models, Journal of Carcinogenesis, Vol.24, No.6s, 753-

761. (https://carcinogenesis.com/index.php/JOC/article/view/1686) 

[50] Minu.S.R, I S Chaitanya Kumar, Sayali Rajkumar Khandelwal, Rupali Vinayakrao Bedre,(2025). Genomic and Proteomic  

Analysis  of  Pediatric  Acute  Lymphoblastic  Leukemia, Journal of  Carcinogenesis, Vol.24, No.6s, 790-804. 

(https://carcinogenesis.com/index.php/JOC/article/view/1703/1992) 

[51] Amol Khade, Sriranjitha TVN, Chaitanya Kumar IS. Air Pollution and Secondary Polycythemia: Pathophysiological 

Mechanisms, Clinical Implications, and Public Health Perspectives. Int J Res Innov Appld Sci 2026,10(11):1173-86. 

https://dx.doi.org/10.51584/IJRIAS.2025.101100109 

[52] Sudhakar R, Kumar I S, Mangla Mishu, Jyothi Vemuri Laxmi, Priyadarshini S, Kondapuram Nitin, Tikka Saikrishna, R 

Deepthi, Eerike Madhavi. Unseen Threats: Mapping the Global Prevalence of Smokeless Tobacco Use in Pregnancy – A 

Systematic Review and Meta-Analysis. 2026. https://doi.org/10.1177/29767342261421818 

https://pmc.ncbi.nlm.nih.gov/articles/PMC12614710/
https://carcinogenesis.com/index.php/JOC/article/view/1686
https://carcinogenesis.com/index.php/JOC/article/view/1703/1992
https://dx.doi.org/10.51584/IJRIAS.2025.101100109
https://doi.org/10.1177/29767342261421818


Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1175 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

[53] Deepthi A, Malvika SK, Indrajit G, Anand K, Gomati, ISC Kumar. Crisis responsive education: A review of social science 

perspectives on learning in conflict zones. Scientific culture 2026;12(4): 1-13. 

[54] Muni Srikanth I, Chaitanya Kumar IS, TVN Sriranjitha, Amol Khade, G Prasad, Harideep Yellamilli, Anjani Priya V, 

Cheranjeevi J. Platelet-Rich Plasma in Osteoarthritis: Types, Mechanisms, and Clinical Applications—A Narrative Review. 

Int J of Medicine 2026;8(1):1-5.DOI: 10.61336/im/26-1-01  

[55] Supriya P, Rugma K, Jayam C, Anila B, Chaitanya I et al. Platelet rich fibrin in endodontics: Biological basis, clinical 

applications, and future perspectives. IOSR J of Dental and Medical Sciences. 2026;25(4-S3):79-82; DOI: 10.9790/0853-

2504037982. 

[56] Anjani V, M R K Rao V, HariDeep. Y , Prasad.G, Chaitanya I S , Srikanth IM , Chiranjeevi. J, Exploring the Knowledge, 

Perception, Attitude, Practice and Barriers among Indian medical practitioners towards Artificial Intelligence Chatbots 

(AI-chatbots) (Eg ChatGPT): A Pilot survey. Int J Drug Deliv Technol. 2026;16(6s): 1017-1024; DOI: 

10.25258/ijddt.16.6s.133  

[57] Supriya P, Rugma K, Jayam C, Anila B, Chaitanya I et al. Platelet rich fibrin in endodontics: Biological basis, clinical 

applications, and future perspectives. IOSR J of Dental and Medical Sciences. 2026;25(4-S3):79-82; DOI: 10.9790/0853-

2504037982. 

[58] Amol Khade, Chaitanya Kumar IS, Rishabh Sharma, Aditya Narayan Sahoo, Muni Srikanth I. Periarthritis Shoulder: Basic 

Pathology and Multifaceted Management—A Narrative Review(2026). IntMed2026;8(2):95-7. doi:10.61336/im/26-2-17. 

https://theinternationalmedicine.com/article-read/284/periarthritis-shoulder-basic-pathology-and-multifaceted-managementa-narrative-

review 

[59] Kumar, I. S. C., Bhargavi, A. S., Lavanya, B., Sri, T. V., Magheswari, C. U., Saichandana, P., Kalyan, P. B. (2026). Re-

emerging Syphilis Among Blood Donors: Epidemiological Signals, Screening Uncertainties and Implications for 

Transfusion Safety. Asian Hematology Research Journal, 9(3), 432–453. https://doi.org/10.9734/ahrj/2026/v9i3272 

[60] Shrivastav, G. S. Tomar and A. K. Singh, "Performance Comparison of AMBA Bus-Based System-On-Chip 

Communication Protocol," 2011 International Conference on Communication Systems and Network 

Technologies, Katra, India, 2011, pp. 449-454, doi: 10.1109/CSNT.2011.98 

[61] P. William, V. K. Jaiswal, A. Shrivastava, S. Bansal, L. Hussein and A. Singla, "Digital Identity Protection: Safeguarding 

Personal Data in the Metaverse Learning," 2025 International Conference on Engineering, Technology & Management (ICETM), 

Oakdale, NY, USA, 2025, pp. 1-6, doi: 10.1109/ICETM63734.2025.11051435. 

[62] P. William, M. Gupta, N. Chinthamu, A. Shrivastava, I. Kumar and A. K. Rao, "Novel Approach for Software Reliability 

Analysis Controlled with Multifunctional Machine Learning Approach," 2023 4th International Conference on Electronics and 

Sustainable Communication Systems (ICESC), Coimbatore, India, 2023, pp. 1445-1450, doi: 

10.1109/ICESC57686.2023.10193348. 

[63] Anurag Shrivastava, Namita Rajput, P Rajesh, SR Swarnalatha, IoT-Based Label Distribution Learning Mechanism for 

Autism Spectrum Disorder for Healthcare Application, Practical Artificial Intelligence for Internet of Medical Things: 

Emerging Trends, Issues, and Challenges, Pages-305-321 

[64] Singh, C., Basha, S. A., Bhushan, A. V., Venkatesan, M., Chaturvedi, A., & Shrivastava, A. (2025). A Secure IoT Based 

Wireless Sensor Network Data Aggregation and Dissemination System. Cybernetics and Systems, 56(6), 784–796. 

https://doi.org/10.1080/01969722.2023.2176653 

[65] K. Kumar, A. Kaur, K. R. Ramkumar, A. Shrivastava, V. Moyal and Y. Kumar, "A Design of Power-Efficient AES 

Algorithm on Artix-7 FPGA for Green Communication," 2021 International Conference on Technological Advancements and 

Innovations (ICTAI), Tashkent, Uzbekistan, 2021, pp. 561-564, doi: 10.1109/ICTAI53825.2021.9673435. 

[66] R. Yeruva, P. Choudhari, A. Shrivastava, D. Verma, S. Shaw and A. Rana, "Covid-19 Disease Detection using Chest X-

Ray Images by Means of CNN," 2022 2nd International Conference on Technological Advancements in 

Computational Sciences (ICTACS), Tashkent, Uzbekistan, 2022, pp. 625-631, doi: 

10.1109/ICTACS56270.2022.9988148. 

[67] 5 P. William et al 2024 IOP Conf. Ser.: Earth Environ. Sci. 1285 012015DOI 10.1088/1755-1315/1285/1/012015 

https://theinternationalmedicine.com/article-read/284/periarthritis-shoulder-basic-pathology-and-multifaceted-managementa-narrative-review
https://theinternationalmedicine.com/article-read/284/periarthritis-shoulder-basic-pathology-and-multifaceted-managementa-narrative-review
https://theinternationalmedicine.com/article-read/284/periarthritis-shoulder-basic-pathology-and-multifaceted-managementa-narrative-review
https://doi.org/10.9734/ahrj/2026/v9i3272
https://books.google.com/books?hl=en&lr=&id=0KAIEQAAQBAJ&oi=fnd&pg=PA305&dq=info:4V5p3-bWN34J:scholar.google.com&ots=otNPciCkuW&sig=CvPixVp9raaXszGoK-HlLEOz4s4
https://books.google.com/books?hl=en&lr=&id=0KAIEQAAQBAJ&oi=fnd&pg=PA305&dq=info:4V5p3-bWN34J:scholar.google.com&ots=otNPciCkuW&sig=CvPixVp9raaXszGoK-HlLEOz4s4


Natural Resources for    
Human Health 
eISSN: 2583-1194 

 

1176 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

[68] Shrivastava, R. Praveen, R. Aida, K. Vemuri, S. S. Vemuri and S. O. Husain, "A Comparative Analysis of Graph Neural 

Networks for Social Network Data Mining," 2025 World Skills Conference on Universal Data Analytics and 

Sciences (WorldSUAS), Indore, India, 2025, pp. 1-6, doi: 10.1109/WorldSUAS66815.2025.11199244. 

[69] S. H. Abbas, S. Vashisht, G. Bhardwaj, R. Rawat, A. Shrivastava and K. Rani, "An Advanced Cloud-Based Plant Health 

Detection System Based on Deep Learning," 2022 5th International Conference on Contemporary Computing and Informatics (IC3I), 

Uttar Pradesh, India, 2022, pp. 1357-1362, doi: 10.1109/IC3I56241.2022.10072786. 

 



    x  i ( t ) =   s  i ( t ) +   n  i ( t ) +   a  i ( t )


    x  i ( t )   s  i ( t )   n  i ( t )   a  i ( t )


  R M S S D =   1  N − 1   ∑  i = 1  N − 1 ( R   R  i + 1 − R   R  i  ) 2


  R   R  i N


  S D N N =   1  N − 1   ∑  i = 1  N ( R   R  i −   R R ¯  ) 2


    R R ¯


  x


    𝜇  x =  1  N   ∑  i = 1  N    x  i


    𝜎  x =   1  N − 1   ∑  i = 1  N (   x  i −   𝜇  x  ) 2


    𝜎  x =   1  N − 1   ∑  i = 1  N (   x  i −   𝜇  x  ) 2


    D  c l o u d =   D  r a w −   D  l o c a l +   D  f e a t u r e


    D  r a w   D  l o c a l   D  f e a t u r e


  X = [   x 1 ,   x 2 , … ,   x  m ]


    y ^ =   f  𝜃 ( X )


    f  𝜃   y ^


   h  t = L S T M (   X  t ,  h  t − 1 )


      y ^  t + k =   W h  h  t +   b h


      y ^  t + k =   W h  h  t +   b h


    X  t  h  t     y ^  t + k


  R = f ( S , H , A , C , P )


  S


  H


  A


  C


  P


    x  f ( t ) = F { x ( t ) }


  F


    x ′ =   x −   x min    x max −   x min


  z =   x − 𝜇  𝜎


  M


  F =   ∑  i = 1  M    w  i   F  i


    ∑  i = 1  M    w  i = 1


    F  i i   w  i


    X  t = [   x  t − T + 1 ,   x  t − T + 2 , . . . ,   x  t ]


   h  t = L S T M (   X  t ,  h  t − 1 )


      S ^  t + Δ = g (  h  t )


  T Δ


  L = −   ∑  c = 1  C    y  c log (     y ^  c )


  C   y  c     y ^  c


  L = −   ∑  c = 1  C    w  c   y  c log (     y ^  c )


    w  c


  ( T P + T N ) / ( T P + T N + F P + F N )


  T P / ( T P + F P )


  T P / ( T P + F N )


  T N / ( T N + F P )


  2 P R / ( P + R )


    1  N ∑ ( y −   y ^  ) 2


    D  t =   |   x  t −   𝜇  p |    𝜎  p + 𝜖


    𝜇  p   𝜎  p 𝜖


  i


    X  i ( t ) = {   x  i (   t 1 ) ,   x  i (   t 2 ) , . . . ,   x  i (   t  n ) }


  W


    F  t = 𝜙 (   X  t − W : t )


  𝜙


  P (   S  t |   F  t ) =   f  𝜃 (   F  t )


  P (   S  t |   F  t )


      S ~  t = 𝛼   S  t + ( 1 − 𝛼 )     S ~  t − 1


  𝛼


    𝜃  u =   𝜃  g + Δ   𝜃  u


    𝜃  g Δ   𝜃  u


  A c c e s s ( u , r , d ) =  {    1 ,  if  R o l e ( u ) ∈ P e r m i s s i o n ( d )   0 ,  otherwise


  u r d


    T  t o t a l =   T  s e n s e +   T  e d g e +   T  t r a n s +   T  c l o u d +   T  r e s p o n s e


    T  s e n s e   T  e d g e   T  t r a n s   T  c l o u d   T  r e s p o n s e


  A c c u r a c y =   T P + T N  T P + T N + F P + F N


  P r e c i s i o n =   T P  T P + F P


  R e c a l l =   T P  T P + F N


  S p e c i f i c i t y =   T N  T N + F P


  F 1 = 2   P r e c i s i o n × R e c a l l  P r e c i s i o n + R e c a l l


  M A E =  1  N   ∑  i = 1  N |   y  i −     y ^  i |


  R M S E =   1  N   ∑  i = 1  N (   y  i −     y ^  i  ) 2


  R M S E =   1  N   ∑  i = 1  N (   y  i −     y ^  i  ) 2


    R  r e l =     N  a c c e p t e d , r e l e v a n t    N  t o t a l , r e c o m m e n d a t i o n s × 100


    N  a c c e p t e d , r e l e v a n t


    𝜃  t + 1 =   ∑  k = 1  K      n  k  N   𝜃  k  t


    𝜃  k  t k   n  k N

