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Abstract— This paper suggests a real-time emotion recognition and intervention system for DHD and OCD patients, and
more importantly, individuals working in extreme stress situations like train drivers or trauma victims. Contrary to
conventional approaches using self-report, this system incorporates face detection and biological sensors—temperature,
sweating, and accelerometer—to track continuously both body and emotional states. Powered by Artificial Intelligence (Al)
and Emotional Intelligence (El), it senses changes in emotion and initiates non-invasive treatments such as vibration motors.
It has a hybrid mode to function even without facial input to provide seamless support and immediate response in real-
world settings.

Index Terms—Hydration, Electrolyte Management, IV Fluid Management, Force Plate Sensor, Cut-Off Switch, Infusion
Mechanism, Real-Time Monitoring, Mobile Application, Alert Notification, Patient Safety, Human Error Reduction

. INTRODUCTION

Psychological disorders such as Distress Hyperactivity Disorder (DHD) and obsessive-compulsive disorder (OCD) critically
affect emotional, psychological, and physical health, especially in risk groups such as train drivers, victims of trauma, patients of
hormonal disorders, and addicts. Traditional therapy, medication, and self-reporting do not provide real-time intervention of acute
states of emotion and lack reliable real-time monitoring of the mind. To bridge this urgently required gap, an intelligent, non-
invasive wearable platform with biomedical sensing and artificial intelligence-driven analysis is proposed to monitor emotional
states and deliver immediate therapeutic interventions.The proposed system combines physiologic monitoring—temperature
monitoring, sweating rate, and movement—along with facial recognition to determine changes in emotional states. Based on the
identified emotional state, it deliverscustomized stimulation in the form of vibration therapy, audio assistance, or breathing exercise
to manage emotions effectively. For guaranteeing operation in various real-world situations, a hybrid mode of operation is integrated
into the system so that the platform keeps functioning even in the absence of facial data. Such flexibility renders the system highly
useful for continuous emotional support in real-world settings outside hospitals. Stress neurologically over activates the
hypothalamic-pituitary-adrenal (HPA) axis, leading to chronic cortisol release. Cortisol leads to hyperactivity of the amygdala,
impaired prefrontal cortex, and hippocampal atrophy with prolonged exposure. They manifest as increased anxiety, poor decisio n-
making, memory deficits, and mood shifts. They can progress to full-blown psychiatric illnesses such as generalized anxiety
disorder and depression if untreated. Physiologically, stress produces measurable effects such as increased heart rate, increased
blood pressure, increased skin conductance, muscle tension, and circadian rhythm disruption. These can be made available for
continuous real-time measurement by wearable sensors that track measures such as heart rate variability (HRV), galvanic skin
response (GSR), and respiratory rate.

Technological advances in wearable technology have enabled objective monitoring of stress indicators and therapeutic
intervention. Multi-modal sensor-implanted devices have the capability to read physiological parameters and, through smart
processing, read changes characteristic of emotional pain. Current systems are not just passive monitors but also include therapeutic
modalities such as vibration, thermal feedback, or light stimulation provoked in real time. A headcap that is wearable and contains
sensors and local vibratory feedback, for example, provides a closed-loop, non-invasive framework that can recognize onset markers
of stress and respond with instantaneous activation of relaxation and emotion stabilization without requiring any conscious user
participation.The envisioned platform is a major leap in mental healthcare technology with real time emotional tracking and instant
intervention beyond the clinic. Leveraging adaptive, individualized, and ongoing emotional coaching, the system fills basic gaps in
conventional approaches to mental health management, empowering individuals to stay emotionally balanced and maintain better
overall wellbeing.

Il. LITERATURE REVIEW

Recent advancements in mental health technology have focused on real-time emotion recognition to support individuals with
conditions like Distress Hyperactivity Disorder (DHD) and obsessive-compulsive disorder (OCD). Traditional methods, which
depend on self-reporting and periodic assessments, often fail to capture emotional disturbances as they occur. Studies have explored
the use of artificial intelligence and emotion intelligence to interpret data from facial expressions, temperature, sweat sensors, and
accelerometers showing potential for continuous emotional monitoring.

Hybrid emotion detection systems that combine facial recognition with physiological sensors have gained attention for their
ability to deliver non-invasive, real-time interventions. Research suggests that such systems can enhance accuracy and response
time, particularly in high-stress environments. However, there remains a gap in fully integrated solutions that are privacy-aware
and adaptable to real-world conditions highlighting the need for this project’s comprehensive and responsive approach to mental
health support.
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A. F. Mohammad, B. Clark, R. Agarwal, and S. Garg (2023) This paper discusses the use of responsible Al and advanced
analytics to create emotionally aware smart Al agents for mental health. The key concerns highlighted include ethical risks, data
privacy issues, and challenges in maintaining emotional accuracy and reliability of Al.[1]

A. K. Marandi and H. Shah (2023) This study focuses on the role of Al systems, machine learning algorithms, and sensor
technologies in improving mental health treatment. It addresses challenges related to the quality of data, practical implementation
of Al tools, and ethical concerns surrounding Al-based treatment strategies.[2]

A.Rahman, K. Obaideen, M. AlShaibi, and N. Al-Yateem (2024) This study explores the application of the Kalman Filter for

mental health prediction, monitoring, and personalization. The technique is beneficial for real-time data filtering, but it faces
limitations such as a high dependence on the quality of input data and challenges in implementation accuracy.[3]
B.Bajaj, P. Rawat, Diksha, S. Vats, V. Sharma, and L. Gopal (2023) This research focuses on using machine learning algorithms
such as Logistic Regression, Decision Trees, Random Forests, and K-Nearest Neighbors to predict mental health treatment
adherence. It discusses issues like bias in predictive models, dependence on historical data, and difficulties in model reliability for
varied populations.[4]

H. Shah, A. K. Marandi (2023) This study focuses on the role of Al systems, machine learning algorithms, and sensor
technologies in improving mental health treatment. It addresses challenges related to the quality of data, practical implementation
of Al tools, and ethical concerns surrounding Al-based treatment strategies.[5]

K. Yadav and Y. Hasilja (2022) This research explored Al and technological advancements in behavioral and mental healthcare,
including virtual humans and robotics, while noting limitations in Al's understanding of complex human behaviors and integration
hurdles in healthcare systems.[6]

L. Bai and X. Han (2023) This study proposes a fuzzy evaluation-based system for quantitatively assessing mental health. It
emphasizes limitations such as subjectivity in fuzzy logic, parameter sensitivity, and potential challenges in applying the system to
real-world scenarios.[7]

M. Bajaj, P. Rawat, Diksha, S. Vats, V. Sharma, and L. Gopal (2023) This research focuses on using machine learning algorithms
such as Logistic Regression, Decision Trees, Random Forests, and K-Nearest Neighbors to predict mental health treatment
adherence. It discusses issues like bias in predictive models, dependence on historical data, and difficulties in model reliability for
varied populations.[8]

M. Ogamba, J. Gitonga, B. Murithi, J. Olukoru, and J. Sevilla (2023) This research introduces “Wellness Buddy,” an Al chatbot
designed for mental health support among Kenyan university students. The chatbot uses deep learning, neural networks, and
cognitive-based therapy. The study notes potential limitations in contextual understanding, response accuracy, and ethical risks
associated with Al-driven mental health tools.[9]

P. Kaushik, K. Bansal, and Y. Kumar (2023) This study uses deep learning techniques such as LSTM and time-frequency
analysis to predict mental disorders like anxiety. It points out significant challenges, including high training time, data quality
concerns, and difficulty in generalizing prediction systems across different mental health conditions.[10]

R. Naswa, S. Jaiswal, R. Mavila, Y. Yuwen, B. Erdly, and D. Si (2024) The paper investigates the use of machine learning, text
categorization, and natural language processing (NLP) to evaluate empathy in mental health caregivers through conversational Al.
It identifies key challenges in detecting empathy and issues in generalizing Al-based results across various healthcare
environments.[11]

R. Wang, J. Wang, Y. Liao, and J. Wang (2020) The paper discussed the use of supervised machine learning for developing real-
time chatbots in perinatal mental healthcare, highlighting issues such as implementation delays and accuracy limitations in chatbot
responses.[12]

V.Mody (2019) The review examined Al-based mental health monitoring systems using feature extraction, support vector
machines, and decision trees, pointing out challenges related to data quality and the reliability of predictive models.[13]

Y. Ren, Q. Min, and A. Jain (2024) This research utilizes machine learning algorithms to assess the mental health of college
students. It highlights major concerns related to data privacy, potential bias in models, and the difficulties involved in achieving
accurate and reliable mental health assessments.[14]

Y. Song, J. Lee, and M. Lee (2022) The study employed Analytic Hierarchy Process (AHP) to evaluate emotional intelligence
industry revitalization factors, focusing on artificial emotional intelligence, and identified challenges in quantifying emotional
intelligence as well as ethical concerns.[15]

Y. J. Msosa et al. (2023) The study applies Al-based clinical prediction with natural language processing (NLP) to detect mental
health crises in people with depression. It raises concerns about data privacy, predictive bias, and the reliability of Al in real-world
clinical applications.[16]

1. METHODOLOGY

The system outlined here is a wearable real-time emotional intervention and monitoring system targeting individuals with mental
health illnesses such as Distress Hyperactivity Disorder (DHD) and Obsessive-Compulsive Disorder (OCD). These diseases possess
features such as emotional dysregulation, over-responsive stress reactions, compulsions, and hyperactivity typically elicited by
stressful environments or internal psychological conditions. The goal of the system is to provide early warning of emotional distress
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and immediate non-invasive feedback to enable the users to restore emotional stability. With a multimodal approach of data
acquisition having facial and physiological signals the system gains more contextual and richer understanding of the emotional state
of the user.

The system gathers data from two sources primarily: visual (facial expression) and physiological sensors. The facial recognition
function functions via an internal or external webcam which continuously clicks the user's face photos. The emotion recognition
python software evaluates such live pictures for dominant facial traits like raised eyebrows, dilated eyes, or mouth curvatures. The
facial expressions are then mapped into emotional responses like happiness, sadness, tension, or worry based on machine learning-
based facial action coding systems.Simultaneously, physiological monitoring is performed through a combination of non-invasive
biosensors. A temperature sensor monitors the user's environment to make context relevant, since hot or cold temperatures may
influence mood and physiological states. A Galvanic Skin Response (GSR) sensor monitors electrical conductance across the skin,
rising with sweat gland activity—a well-validated measure of stress or anxiety. An accelerometer picks up motion patterns,
repetitive or stuttered movements like shaking of hands, tapping, or fidgeting, typical of hyperactive or compulsive outbursts. These
physiological responses are streamed real-time to an Arduino microcontroller where they are sampled and treated prior to being
passed to the processing engine.
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Figurel: Block diagram

Once the system recognizes an emotionally disturbed state, it causes an instantaneous feedback mechanism by using inbuilt
vibration motors in the wearable device. The motors cause gentle haptic vibrations that act as reassuring cues or warning cues based
on the level of emotional deviation. If mild anxiety is recognized, the device produces a gentle, rhythmic vibration to prompt the
user to take a break for self-regulation, for instance. Such feedback is thoroughly selected for its non-intrusive and personal
character, and thus it is suitable to be used in public or professional environments. The haptic feedback is not meant to interrupt the
user's external task but to present an internal stimulus for emotional self-regulation and awareness.

Ease of use and mobility are at the core of the system's design. The whole system is small enough to be embedded in familiar
objects like wristbands, smart caps, belts, or even headbands. It is driven by a lightweight, rechargeable battery that supports
mobility without needing to be constantly recharged. Hardware and software of the system are both optimized for low power
consumption, allowing extended use over the course of the day.lts practical application spans various real-world environments
including schools, corporate workplaces, transportation systems, and other high-stress zones. By providing users with the autonomy
to track and respond to their emotional states without clinical supervision, the system promotes independent mental health
management. This flexibility makes the device especially useful for individuals who may be unable or unwilling to seek frequent
professional help, allowing for early interventions before emotional stress escalates into more serious behavioural responses but
can operate proficiently with composite sensor feedback.

To provide a further more accurate and reliable decision-making, the system has a 10-second window of contemplation where
it is always watching all the concerned parameters — emotional, physiological, and environmental. The predetermined conditions
must remain consistent within this window so that the system can generate an alert and go on to conduct the therapy .

IV. RESULTS AND DISCUSSIONS

The proposed system exhibits a robust integration of affective, physiological, and environmental information for tracking patient
comfort and robotically administering therapy in the event of impending distress. The system, based on Al and EI algorithms, is
capable of identifying three main emotional states happy, sad, and neutral from real-time sensor input. Amongst these, the emotion
sad is used as a significant emotional marker of potential mental distress or emotional imbalance. Whenever detected, the emotion
is rendered five times consecutively on the interface of the system to notify caregivers or the users themselves, thus presenting the
perceived state of emotions before any therapeutic intervention. Aside from emotional identification, the system also constantly
checks accelerometer data to identify sudden or unusual movement patterns. If the accelerometer range is over a threshold value of
4, which may signal instability or likely physical discomfort, and the identified emotion is sad, the system automatically initiates a
therapy module. This immediate response is designed to initiate early intervention for cases where both emotional and physical
indicators of distress are observed.
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In addition to that, the system also takes environmental and physical factors into account to conclude the overall status of the
user. More specifically, whenever the ambient temperature falls to below 32°C when the level of sweat exceeds 70%, the system
identifies this set of circumstances as the indicator of stress, shock, or other discomfort — initiating therapy regardless of affective
stimulus. A third significant situation involves the simultaneous presence of sad feeling, cold room temperature, and high sweat
rate, which increases the probability of a severe psychological or physical disorder, thereby inducing therapy .Another condition is
dealt with by the system is the convergence of physical and physiological information only: if both the accelerometer reading is
above 4 and the temperature is lower than 32°C and sweat rates are above 70%, therapy is initiated also. This prevents the system
from relying solely on emotional state itself is also time-bound and lasts for 10 seconds to provide effective relief without causing
overstimulation or duplication.

Fig 2: Hardware setup

As shown in Fig.2 a whole is a multi-modal input fusion such as emotion detection, body movement, temperature, and
sweat rate creates highly responsive and context-sensitive therapy activation. Being both time-dependent and multi-variable raises
the system sensitivity, specificity, and trustworthiness to levels that would be suitable in real-time physical and mental wellbeing.

ACCELERO | GALVANIC [ROOM FMOTION | THERAPY |
SUBJECT | METER SKIN TEMPARATURE | DETECTED | STATUS
(me/s) RESPONSE | (o)
(ps) 1 l
1 -4 78us 28 .84°C Sad Activated
2 3 S0 us 30.24°C Angry Activated
3 4 40 us 34.21°C Neutral Not
| Activated |
4 5 45 us 34.21°C Sad Activated
5 s 62 us 34.21°C Sad Activarted
3 i Sops | 3421°C  |[Happy | Not
L Activated |
7 p 58 us 34.217°C Neutral Not
- L Acuvated |
s o 47 s 34.21°C Happy Not
. _ I R L Activated |
9 [ 52 us 34.21°%C Sad Activated
10 7 78 pus 34.21°C Angry Activated |

TABLE 1: Results Tabular Form

V. CONCLUSION

This paper is a groundbreaking achievement in the field of digital mental health treatment with the development of a wearable
device for real-time monitoring of emotions and real-time therapeutic treatment. With facial emotion detection coupled with
physiological signals including room temperature, skin conductivity through measurement of sweat, and physical movement, the
device provides an evaluation of emotional states that is multi-faceted. This convergence of visual and biometric information makes
it possible for the system to identify early markers of emotional distress, especially among those who have a predisposition to
neurobehavioral disorders like Distress Hyperactivity Disorder (DHD) and Obsessive-Compulsive Disorder (OCD).Among its key
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innovations is hybrid operation mode for the system— where facial information becomes inaccessibly due to problems with light,
camera access restrictions, or privacy issues, the system would seamlessly shift over to utilize fully sensor-based information, which
will enable continuous emotion tracking. Further deployment of non-invasive therapies like haptic feedback in the form of vibrating
motors offers infinitesimal and subtlety directed emotional intervention. This feature is particularly vital in reducing social stigma
and allowing uninterrupted, user-centric interaction with the device within social settings.

The technology fills an important gap in current mental health care infrastructure, which traditionally is based on intermittent
clinical visits and patient self-report data with attendant delays in time and inaccuracy. It leverages machine learning algorithms
and multimodal sensor fusion to provide real-time, automatic, and adaptive emotional evaluation and therapy. In spite of some of
the current challenges that involve sensor calibration accuracy and environmental variation, the present prototype demonstrates
feasibility and value as a technology-facilitated solution to mental health. Finally, the system not only offers users instant emotional
relief but also facilitates overall long-term mental resilience. It encourages global sustainability and health programs through
offering non-clinical mental health technologies on an individual level.

VI. FUTURE SCOPE

Although the current emotion recognition system works more effectively, there is enormous potential for improvement with the next
generation. The application of cutting-edge Al models such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks
(RNNs) would significantly improve accuracy levels by enabling the system to detect micro-expressions, slight facial expressions, and
time-evolving physiological states. Including other sensors—such as heart rate variability sensors, EEG headbands, or oxygen saturation
sensors—would offer more insight into the physical and mental condition of the user, making it easier to distinguish between stress,
fatigue, and burnout.Portability would be enabled by hardware miniaturization and integration into everyday wearables like head caps,
smartwatches, or fitness bands to offer convenience and ease of use to users. Long-term mental monitoring and preventive intervention
would be enabled by cloud storage and processing that offers history-based feedback data, with Al-based personalization allowing adaptive
feedback patterns as a function of history and user preference.lt can be optimized further by incorporating evidence-based treatments such
as cognitive behaviour therapy (CBT), mindfulness practice, or relaxation training, which are best designed with the assistance of expert
clinical consultation. To be used universally, systems in the future will have to be multicultural, multilingual, and responsive to diverse
social presentations. Maximum data encryption will be crucial in establishing end-user trust, especially from vulnerable groups such as
children or trauma victims.Lastly, multicenter large-scale clinical trials over heterogeneous populations will be of highest priority for
system responsiveness and accuracy validation. These trials would also determine which use cases are most suitable to implement in
environments in different institutions such as schools, hospitals, workplaces, and transport systems.
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