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ABSTRACT:

Autism Spectrum Disorder (ASD) presents unique
challenges in monitoring behavioral patterns,
emotional responses, and daily activities,
particularly among children and elderly individuals
who may struggle to communicate effectively.
Traditional caregiving methods often rely on
manual observation, which can lead to delayed
responses in critical situations such as wandering,
emotional distress, or sudden health fluctuations.
To address these limitations, this project proposes
an IoT- and Machine Learning-based Autism

Monitoring System that continuously observes

and analyzes the physiological and behavioral

parameters of autistic individuals in real time.

The proposed system integrates various IoT
sensors including heart rate, body temperature,
motion, and GPS tracking modules to collect
continuous data from wearable or environmental
devices. This data is transmitted to a cloud-based
platform for processing, where Machine Learning
algorithms are employed to detect anomalies,
recognize emotional or behavioral patterns, and
predict potential risks such as stress or agitation.
By combining sensor data with intelligent
analytics, the system ensures accurate monitoring

of both physical and behavioral health indicators.
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A key feature of the system is its real-time safety
alert mechanism for caregivers and healthcare
professionals. When the system detects abnormal
activities such as erratic movement, elevated heart
rate, or prolonged inactivity instant notifications
are sent via mobile or web applications, enabling
immediate intervention. This intelligent monitoring
framework not only enhances the safety and
independence of autistic individuals but also
provides caregivers with actionable insights,
ensuring proactive care and improved quality of

life through continuous, data-driven support.
INTRODUCTION

Autism Spectrum Disorder (ASD) affects social
communication, behavioral and sensory processing
across the lifespan, producing needs that vary
widely between individuals. For many autistic
children and some elders with ASD or autism-like
needs, predictable routines, environmental supports
and continuous supervision greatly reduce risk and
improve quality of life. However, manual
observation alone is time-consuming and error-
prone: caregivers can miss subtle physiological or
behavioral precursors to agitation, sensory
overload, or wandering events. An automated
monitoring system that combines Internet of
Things (IoT) sensing with machine-learning
analytics can provide continuous, objective, and
personalized monitoring while freeing caregivers
to focus on intervention rather than constant

surveillance.

This project designs an end-to-end system that
integrates wearable and ambient sensors (heart

rate, electrodermal activity,

accelerometer/gyroscope, GPS, ambient
sound/light) with edge preprocessing and cloud
ML pipelines to detect stress, stereotyped
movements elopement/ wandering and prolonged
inactivity. The ML layer uses both supervised
classifiers (e.g., for recognizing stereotypy or
agitation) and unsupervised / anomaly-detection
models (for novel or rare events), together with
temporal models that account for sequences of
measurements. Crucially, the system emphasizes
low latency alerts and caregiver safety workflows
— for example, geo-fenced alarms for elopement

and context-aware alerts that reduce false positives

(e.g., distinguishing exercise from agitation).
LITERATURE SURVEY

1. An Al-Enabled Internet of Things Based
Autism Care System for Children (authors as
in paper) 2022.
Methodology: Prototype intelligent system
combining wearable heart-rate sensing and
ambient IoT with ML classifiers to infer
emotional states and notify guardians;
prototype used edge processing and cloud
backend.

Limitations: Prototype scale was small (few
participants), limited behavioral classes, and
real-world validation across diverse contexts
was limited.

2. A Systematic Review of Al, IoT and
Sensor-based Technologies in ASD (MDPI
review) 2024.

Methodology: Systematic literature review
analyzing studies that applied sensors, [oT and

Al to autism detection, assessment and
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intervention; synthesizes common sensors, ML
methods and open gaps.
Limitations: Heterogeneous study designs and
inconsistent reporting made direct cross-study
comparisons difficult; highlighted limited

large-scale trials.

3. Smart Monitoring System for Autistic
Patients (conference/journal) 2022.
Methodology: Wearable IoT monitoring
framework to collect physiological/behavioral
signals and display them to caregivers via a
dashboard; engineering prototype and case
studies.

Limitations: Engineering focus with limited
ML sophistication; validation on a small
convenience sample; little discussion on
privacy/ethics.

4. Wearable Solutions Using Physiological
Signals for Stress Monitoring (MDPI sensors)
2024.
Methodology:

physiological sensors (HR, EDA, HRV) and

Review of  wearable
ML for stress detection; relevant for monitoring
stress and sensory overload in ASD.
Limitations: Many studies show promise but
suffer from wvariability in data collection
protocols, sensor placement, and small cohorts.
5. IoT-Based Frameworks for Assessing
Sensory/Light  Sensitivities in ASD
(Sensors/MDPI)2024.

Methodology: Uses computer vision + IoT
sensors to quantify light sensitivity and
environmental triggers in children with ASD.

Limitations: Lab-based scenarios dominate;

real-world generalization to diverse home

environments requires more data.

METHODOLOGY (SYSTEM
ARCHITECTURE&ALGORITHMS)

Overview — layered architecture

1.Sensing layer (wearable&ambient): wearable
wristband (HR, PPG-derived HRYV, EDA/Skin
conductance, 3-axis accel/gyro), a small GPS
tracker (for outdoors/elopement), and ambient
sensors (microphone level for loud noises, light
sensor, door/window contact sensors, PIR motion
sensors). Use low-power BLE for wearables and
LoRa/Wi-Fi for home hubs as appropriate. (See
prototype examples in the literature above for

similar stacks.) PMC+1

Cloud processing&ML models: aggregated data

is uploaded securely to cloud.

Longitudinal analytics&clinician dashboard:
dashboards show aggregated summaries, event
timelines, trigger heatmaps and exportable reports

for therapy planning.
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1. Overview

The system 1is designed in a multi-layer
architecture comprising four major layers Sensing
Layer, Edge Layer, Cloud&ML Layer, and
Application Layer.
Each layer handles a specific part of data flow —
from real-time sensor data collection to intelligent

analysis, alert generation, and caregiver interaction.
2. Sensing Layer

Wearable Band: Includes sensors such as Heart
Rate (HR), Electrodermal Activity (EDA), and
Accelerometer/Gyroscope  (ACC/GYRO). It
continuously measures physiological and motion

data of the child or elder.

3. Edge Layer

Alerts:

In case of local emergency detection (fall, high
stress, out-of-bound movement), the hub sends
instant alerts to the Caregiver via SMS or mobile

notifications.
4. Cloud&Machine Learning Layer

Notification Service: Sends alert messages or

reports to caregivers and emergency services.
5. Application Layer

Web Dashboard (ReactJS): Provides real-time
visualization of user health metrics, trends, and

alert history.

Caregiver Interface: Receives notifications, live

updates, and safety alerts.
6. Data Flow Summary

1. Sensor data is collected by the

wearable and environmental IoT devices.

2. The edge hub preprocesses data and

detects immediate risks.

3. Cleaned data is sent to the cloud for

advanced ML-based analysis.

4. ML models predict emotional or

behavioral states.

5. The decision engine triggers alerts
to caregivers and stores the results in the

analytics database.

6. Dashboards and notification
systems present the data to caregivers,

clinicians, and emergency responders.

© 2025, IJSREM | https://ijsrem.com

DOI: 10.55041/IJSREM54572 | Page 4


https://ijsrem.com/

<Journal

w Volume: 09 Issue: 11 | Nov - 2025

2 2,
Zusremyy  International Journal of Scientific Research in Engineering and Management (IJSREM)
SJIF Rating: 8.586

ISSN: 2582-3930

7. Key Features

. Real-time IoT data fusion from

multiple sensors.

. Edge processing for low latency and
quick alerts.
. Machine learning—based behavioral

pattern recognition.

. Cloud analytics for long-term health

insights.

ALGORITHM DETAILS

1. Data Acquisition Algorithm (IoT Sensing
Layer)

Objective:
Collect real-time physiological, environmental, and

behavioral data from IoT devices.
Input:

o Wearable sensors: Heart rate (HR),
Electrodermal Activity (EDA),
accelerometer, gyroscope

. Environmental sensors: Ambient
sound, temperature, light, door/presence

sensors

o GPS module for location tracking
Algorithm Steps:

1. Initialize all sensors and communication

protocols (BLE/Wi-Fi/MQTT).

2.For each timestamp t:
a. Acquire HR(t), EDA(t), ACCx(t), ACCy(t),
ACCz(t), GYRO(t), Temp(t), GPS(t).

b. Check for missing or out-of-range values;
replace with previous valid readings or mean of

recent window.

3. Transmit the packet {timestamp, sensor values}

to the Edge Node (local gateway).

4.Repeat the process at a fixed sampling rate (e.g.,

10-100 Hz for motion sensors, 1 Hz for GPS).

Output:
Stream of structured sensor data packets sent to the

edge processor.
2. Data Preprocessing Algorithm (Edge Layer)

Objective:
Clean and prepare data for feature extraction and

real-time inference.

Input:

Sensor data streams from loT devices.
Algorithm Steps:

1.Receive continuous data from sensors via MQTT

or Bluetooth.
2.Apply noise reduction filters:

Moving Average or Butterworth filter for

accelerometer and EDA signals.
Gaussian smoothing for heart rate variability.

3.Normalize each signal:

Xnorm = (X — w)/ofor each feature type.
4.Detect missing values:
If gap<threshold — linear interpolation.

If gap>threshold — flag segment as invalid.
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Output:
Cleaned, normalized, time-windowed sensor

signals.
3. Machine Learning Model Algorithm

Objective:
Train and deploy models to detect stress, agitation,

and abnormal behaviors in real time.
Model Training Phase (Offline / Cloud)

Collect labeled feature vectors {Fi, Label} (where
labels are: Calm, Agitated, Wandering, Inactive,

Normal).

Split dataset into training (70%), validation (15%),
and testing (15%) using subject-wise split to avoid

leakage.
Select appropriate algorithms:

Random Forest / XGBoost: for tabular behavioral

feature classification.

LSTM / GRU (RNN): for time-series pattern

recognition.

Autoencoder: for anomaly detection in unlabeled

data.
Model Inference Phase (Online / Real-Time)

Receive real-time feature vector Fi from the

preprocessing module.
Predict behavioral state Si = Model(Fi).

Store the prediction in event logs for analytics and

alert decision-making.

Output:
Predicted state label (e.g., Calm, Agitated,
Wandering).

4. Anomaly Detection&Safety Alert Algorithm

Objective:
Identify abnormal or risky behaviors and trigger

alerts for caregivers.
Algorithm Steps:

1.Receive current predicted state Si and previous

state history S(t—1)...S(t—n).

2.heck for anomaly conditions:

Heart Rate>threshold for more than N seconds.
EDA peaks>threshold (stress indicator).

3.Accelerometer variance below threshold for

prolonged inactivity (possible collapse).

4.GPS outside safe zone (wandering detected).
5.If any anomaly = TRUE — flag risk event Ri.
6.Classify risk level:

Level 1: Minor (temporary stress) — log only.

Level 2: Moderate (sustained agitation) —

caregiver notification.

Level 3: Critical (wandering, collapse) —

emergency alert (SMS/Call).

7.end alert message {UserID, Time, RiskType,
Location, Confidence} via MQTT/HTTP to

caregivers’ mobile app.

Output:
Real-time safety alert sent to caregiver and

emergency contact list.
Algorithm Summary (Pseudocode)

Algorithm Autism_Monitoring [oT ML
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1. Initialize all sensors and connections
2. While system is active do
a. Collect sensor_data < Read(Sensors)

b. preprocessed data —

Preprocess(sensor data)

C. feature vector —

Extract Features(preprocessed data)

d. predicted_state —
ML Model Inference(feature vector)

e. if Detect Anomaly(predicted state,

sensor_data) then

Alert Caregiver(predicted state, location,

confidence)
f. Log all data, states, and feedback
3. Periodically retrain models with feedback data

4. End

Key Advantages of the Algorithm

. Real-time, continuous monitoring

with minimal latency.

. Multi-sensor ~ fusion ~ improves
behavioral recognition accuracy.

. Adaptive ML pipeline continuously
learns from caregiver feedback.

. Context-aware alerting reduces false
positives.

. Edge processing ensures reliability

even with limited internet connectivity.

IMPLEMENTATION DETAILS

1. System Overview

The proposed autism monitoring system integrates
IoT-based sensing, machine learning analytics,
and cloud-driven alerting to ensure continuous
observation of children and elderly individuals
with autism. The system architecture is designed

with three layers:

. Sensing Layer: Wearable and
ambient sensors gather  real-time
physiological, motion, and environmental

data.

. Edge Processing Layer: Performs
real-time preprocessing, feature extraction,
and lightweight inference for quick

response.

. Cloud Intelligence Layer:
Executes advanced ML models for
behavioral prediction, long-term analysis,

and caregiver alerting.

The main objective of the implementation is to
create a low-cost, non-intrusive, real-time health
and behavior monitoring platform capable of
recognizing early signs of distress or wandering in
autistic  individuals and alerting caregivers

instantly.
2. Hardware Implementation
2.1 IoT Devices and Sensors

The hardware prototype integrates the following

components:
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Component |Description Function . AWS Lambda Functions for

automatic ML-based inference and alerts.

Data

NodeMCU Microcontroller ~ with|jacquisition Data is transmitted in JSON format:

ESP32 Wi-Fi&BLE and {

transmission . s \
user_id": "child 01",

MAX30102 |Heart rate and SpO-|Physiological "heart rate": 92

Sensor monitoring monitoring
"eda": 0.41,

Detect . )
MPU6050 "motion": "high",
Motion&orientation  ||stereotypical

Accelerometer " SRR "
tracking or repetitive location": "12.345,77.123",
+ Gyroscope
movements "timestamp": "2025-11-04T11:40:00"
DHT11 ~ |[Environmental|| }
S Temperature&humidity o
t
ensor monttoring 3.2 Machine Learning Model
Neo-6M GPS Locati : Wandering Data is cleaned and stored in Google Colab /
ocation tracking _
Module detection

Jupyter Notebook environment. After

The semsors are comnccted fo the ESP32 preprocessing, the following algorithms are

microcontroller via analog/digital pins. The ESP32 trained:

transmits real-time data using Wi-Fi to a cloud . Random Forest Classifier — for
platform (Firebase or AWS IoT Core). The system behavioral classification (Calm, Agitated,
is powered by a rechargeable Li-ion battery for Wandering).

mobility. «  LSTM Neural Network — for
3. Software Implementation temporal sequence analysis and early

3.1 Cloud Backend agitation prediction.

The cloud server is implemented using: * Autoencoder  —  for  anomaly

detection on continuous physiological data.
. Firebase Realtime Database for

Y The models are trained using labeled sensor data
storing time-stamped sensor data.

and validated using subject-wise splits. The best-

* Flask ~ API  (Pythom)  for performing model is deployed as a REST API

communication between IoT devices and

ML model.

endpoint on the cloud for live inference.
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4. Data Flow Integration 6. Implementation Workflow Summary
L. Sensors capture live data — Step Process Tools/Technologies
transmitted to ESP32.
Data IoT Sensors '
2. Data is cleaned and sent via Wi-Fi Arduino IDE

Collection + ESP32
— Firebase cloud.

Firebase

3. Flask ML API processes the data — Data Storage Google Firebase
Cloud

classifies behavior state.

o Random

4. When abnormal activity is detected Model Python, Scikit-learn

— triggers Push Notification (via FCM) Training Forest, TensorFlow
LSTM

or SMS Alert (via Twilio API) to

caregivers. API
Flask Server |AWS / Google Cloud
5. Data and results are displayed on a Deployment
ReactJS web dashboard with real-time
_ __ |[Real-time
charts and maps. Alerting FCM, Twilio ‘ _
Notification
5. Web and Mobile Dashboard
~ |[React]S '
The dashboard interface allows caregivers to: Visualization Chart.js, Maps API
Dashboard
. View current physiological and
behavioral states.
. . TESTING AND RESULTS
. Check live GPS map location.
. Review historical logs and activity 1. Testing Procedure
trends. Functional Testing
. Configure safe zones and alert . Verified each sensor’s output using
thresholds. calibrated reference devices.

It uses: . Tested data transmission delay
. Frontend: HTML, CSS, JavaScript, between ESP32 — Cloud — Dashboard.
React]S. . Confirmed alert delivery time

<
. Backend: Firebase Authentication (push/SMS)<3 seconds.
& Firestore. . Verified correct classification of
. Visualization: Chartjs for plots of behavioral states using sample datasets.

HR, EDA, and movement.
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Performance Testing

. Measured accuracy, precision,

recall, and F1-score of ML models.

. Checked end-to-end latency of the

system pipeline (<5 seconds average).

. Evaluated system performance

under network instability (Wi-Fi dropout).
User Testing

. Pilot tested with 5 autistic children

and 3 elders under caregiver supervision.

. Collected feedback on comfort,
accuracy of alerts, and caregiver

satisfaction.

2. Experimental Results

Random LSTM
Metric Autoencoder
Forest Model
Accuracy|92.8% 95.4% 90.2%
Precision||91.6% 94.1% 89.7%
Recall 90.3% 95.6% 87.8%
F1-Score||90.9% 95.2% 88.6%
Observation:

. LSTM  provided the highest
accuracy for sequential patterns (stress and

agitation prediction).

. Random Forest worked efficiently

for static classification tasks.

. Autoencoder effectively flagged

unseen or anomalous behaviors.

System Performance:

. Data transmission latency: ~1.5

seconds average.
. Alert trigger latency: 2.3 seconds.

. Power consumption: 180 mA

average (8 hours battery life).
User Feedback:

. 90% of caregivers found alerts

accurate and timely.

. 80% reported improved confidence

in remote supervision.
CONCLUSION AND FUTURE WORK

Conclusion

The proposed IoT-ML integrated autism
monitoring system demonstrates an effective, low-
cost, and real-time solution for improving the
safety and wellbeing of autistic children and elders.
By combining physiological and behavioral data
from wearable sensors with intelligent machine
learning models, the system accurately detects
abnormal activities such as agitation, wandering, or
stress. Real-time safety alerts ensure that
caregivers receive immediate notifications,
enabling prompt intervention and reducing

potential risks.

The implementation showcases reliable data
acquisition, high detection accuracy (=95%), and
fast alert response (<3 seconds). The modular
design allows scalability to multiple users and
environments. The project not only enhances daily

care but also contributes valuable longitudinal
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behavioral data for clinical use and therapy 2. McLaughlin, L., et al. (2020).
planning. Electronic Tracking Device Use in Children

with Autism Spectrum Disorder. Journal of
FUTURE WORK

Autism and Developmental Disorders.
1. Integration with Medical Devices:

Incorporate ECG, EEG, or EMG sensors

3. Patel, D., & Desai, R. (2021).

Wearable IoT System for Autism Behavior

for more detailed neurophysiological
Monitoring  Using ML  Techniques.

insights. ]
International  Journal  of  Advanced

2. Emotion Recognition: Add Research in Computer Engineering.

camera-based facial expression analysis

4, Ahmed, A., & Lee, C. (2023). loT-
using CNNs (with privacy-preserving edge ) o

Based Behavioral Monitoring Framework

inference).
) for Autism Using Machine Learning.

3. Adaptive Learning: Implement Sensors, 23(12).

reinforcement  learning  models  to .
5. Kaur, G., & Singh, J. (2024). Smart

personalize thresholds based on individual o o )
Monitoring System for Autistic Patients.

behavior. ] )
Procedia Computer Science.

4. Mobile App Enhancement:
6. MDPI Sensors (2024). Wearable

Include  caregiver  chatbots,  voice ) ) )
Physiological Signals  for Stress

notifications, and Al-driven suggestions for o
Monitoring. Sensors Journal.

intervention.
7. WHO (2023). Autism Spectrum

5. Scalability and Cloud

Disorders: Key Facts. World Health
Optimization: Deploy the system using o

Organization Report.

serverless edge computing to reduce
latency and bandwidth. 8. Zhang, L., & Zhao, Y. (2022).

Machine Learning Models for Human

6. Clinical Validation: Conduct large- ) N ) ) )
Emotion Recognition Using Physiological

scale trials in collaboration with healthcare
Signals. IEEE Transactions on Affective

institutions to validate medical reliability.

Computing.
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