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ABSTRACT: Falls among elderly individuals and patients with mobility impairments are a major global health
concern and a leading cause of injury, hospitalization, and long-term disability. Traditional fall detection systems are
reactive, triggering alerts only after a fall occurs, which delays intervention and increases risk. This project presents an
Al-powered proactive fall prediction system using wearable sensors such as accelerometers and gyroscopes. The
system continuously collects time-series motion data, including gait, balance, and posture shifts, and employs machine
learning models, including Long Short-Term Memory (LSTM) networks and Random Forest classifiers, to identify
early patterns of instability. Data processing involves feature extraction, window-based segmentation, and statistical
and frequency-domain analyses to detect subtle deviations in movement. Experimental results demonstrate that the
proposed system can predict fall risk with high accuracy, providing timely preventive alerts and significantly improving
over conventional detection methods. This approach has strong potential for applications in elderly care, hospital
monitoring, rehabilitation centers, and wearable health devices.

KEYWORDS: Fall Prediction, Wearable Sensors, Accelerometer, Gyroscope, Time-Series Data, Machine Learning,
LSTM, Random Forest, Motion Analysis, Gait Instability, Preventive Healthcare.

L. INTRODUCTION

Falls are a leading cause of injury, hospitalization, and long-term disability among elderly individuals and patients with
mobility impairments, creating a significant global health burden and increasing healthcare costs [1], [2]. Traditional
fall detection approaches, such as manual monitoring, threshold-based algorithms, or post-fall alert systems, are largely
reactive. These methods only trigger alerts after a fall occurs, delaying intervention and increasing the risk of severe
injury or complications [1], [4], [5]. With the increasing availability of wearable sensor technology, such as
accelerometers and gyroscopes, continuous monitoring of patient movement has become feasible. These sensors can
capture time-series data related to gait, balance, posture shifts, and other subtle movement characteristics, offering a
more detailed understanding of a patient’s mobility and fall risk [2], [6].

Recent research demonstrates that machine learning and deep learning techniques, including Random Forest classifiers
and Long Short-Term Memory (LSTM) networks, are effective in analyzing sensor data to identify patterns indicative
of fall risk [6]-[10]. By processing the sensor data through feature extraction, window-based segmentation, and
statistical as well as frequency-domain analyses, these algorithms can detect minor deviations in movement before a
fall occurs. This proactive approach contrasts with conventional reactive detection methods, enabling timely
interventions and preventive alerts that can reduce injury and improve patient safety [8],[10].

In this project, we propose an Al-powered wearable fall prediction system that continuously monitors patients’
motion, analyzes movement patterns using advanced machine learning models, and predicts fall risk in real time. By
combining wearable sensing technology with predictive Al analytics, the system aims to enhance elderly care, hospital
monitoring, rehabilitation programs, and wearable health devices. The proposed solution provides a proactive
framework for fall prevention, improving patient safety, reducing healthcare costs, and addressing a critical challenge
in preventive healthcare management.
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II. AIM AND OBJECTIVES

Aim:

The aim of this project is to develop an Al-powered wearable fall prediction system that can continuously monitor
motion using sensors such as accelerometers and gyroscopes, analyze real-time biomechanical data, and accurately
predict the likelihood of a fall before it occurs, thereby enabling timely preventive alerts and improving patient safety.
Objectives:

The following objectives are defined:

= Data Acquisition: Collect high-resolution motion data from wearable sensors (accelerometer and gyroscope)
during normal activities and pre-fall movements.

= Preprocessing: Clean and filter sensor data to remove noise and artifacts, ensuring reliable input for analysis.

= Feature Extraction: Extract meaningful temporal, statistical, and frequency-domain features from the time-series
motion data for fall prediction.

= Model Development: Implement and train machine learning and deep learning models, including Random Forest
(RF) and Long Short-Term Memory (LSTM) networks, to identify fall-risk patterns.

= Real-Time Prediction: Detect subtle deviations in gait, balance, and posture that indicate potential falls, providing
real-time alerts.

= Evaluation and Optimization: Evaluate the system using standard metrics such as accuracy, precision, recall, and
F1-score, and optimize model parameters to improve sensitivity, specificity, and overall prediction reliability.

= System Integration: Integrate wearable hardware (MPU6050 + ESP32) with a wireless data transmission system
for continuous, non-invasive patient monitoring.

III. PROPOSED ARCHITECTURE

The proposed Al-powered wearable fall prediction system consists of multiple interconnected layers designed to
collect, process, analyze, and act upon motion data in real time. The architecture is modular and scalable, allowing both
hardware and software optimization.
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Fig.3.1. System Architecture of AI-Powered Analysis of Wearable Sensor Data.
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A) Data Acquisition Layer
Motion data is collected using the MPU-6050 sensor, which combines a three-axis accelerometer and gyroscope to
capture gait, balance, and posture information. Additionally, Wi-Fi Channel State Information (CSI) may be used to
monitor environmental signal variations. The sensor modules interface with a lightweight microcontroller, such as
ESP32, which manages real-time data collection, preprocessing, and communication with other system layers.

B) Preprocessing Layer

Collected sensor data undergo normalization and sliding window segmentation (e.g., 1-second windows with 50%
overlap) to structure time-series inputs. Feature extraction is performed to generate statistical features (mean,
variance, energy) and frequency-domain features (FFT, spectral entropy). Wi-Fi CSI features, including amplitude and
phase variations, are also analyzed to enhance prediction accuracy

C) Machine Learning Layer

The system employs machine learning models, including Random Forest classifiers or lightweight neural networks, to
identify patterns indicative of fall risk. Thresholding techniques (e.g., probability threshold = 0.6 with consecutive
window confirmations) are applied to reduce false positives. Model inference can be executed locally on the ESP32 or
offloaded to a connected PC for real-time predictions

D) Alert and Communication Layer

Detected fall events are logged locally in CSV format for audit and analysis. Notifications are delivered via Telegram
Bot API, with optional SMS or email fallback. Developers can monitor system activity through terminal logs, while
caregivers receive mobile alerts in real time.

E) Power and Hardware Management Layer

A Li-Po battery with charging module (HW-317) provides portable operation. Power optimization strategies,
including sleep modes and adaptive sampling rates, are implemented to extend battery life without compromising
prediction accuracy.

F) Future Extensions

Future work includes cloud integration for dashboard visualization (e.g., Power BI, Firebase), Edge Al deployment
of optimized models using TinyML on ESP32, and multi-sensor fusion to combine accelerometer and Wi-Fi CSI data
for improved reliability and robustness.
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This layered architecture provides a scalable, real-time, and energy-efficient framework for proactive fall prediction,
enabling timely alerts and improved safety for elderly and mobility-impaired individuals.

IJMRSET © 2026 | AnISO 9001:2008 Certified Journal | 3406




©2026 IJIMRSET | Volume 9, Issue 3, March 2026 DOI:10.15680/1IJMRSET.2026.0903181

IROVHPELYZPAREE | www.ijmrset.com | Impact Factor: 8.206] ESTD Year: 2018|

e E -i.'ﬂf(;,‘,
N -“ =,

sSASSHIN: International Journal of Multidisciplinary Research in
N =

S ;;9 Science, Engineering and Technology (IJMRSET)
llmnstf (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

I ——
IV. METHODOLOGY

The proposed system for Al-powered fall prediction consists of four main layers: wearable sensor layer, data
acquisition and preprocessing layer, feature extraction and model layer, and alert/feedback layer. The architecture is
designed to provide real-time monitoring and proactive fall prediction.
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Fig.4.1. Block diagram of the proposed Al-Powered Analysis of Wearable Sensor Data.

The methodology adopted for the proposed fall detection system is structured into sequential stages, ensuring
systematic data acquisition, processing, and alert generation.
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A. Sensor Data Acquisition
The MPU-6050 accelerometer and gyroscope module is employed to capture motion signals, including linear
acceleration and angular velocity. Data is sampled at 50 Hz to provide sufficient temporal resolution for detecting
sudden changes associated with falls. Optionally, Wi-Fi Channel State Information (CSI) can be integrated to enhance
environmental awareness.

B. Microcontroller Interface
An ESP32/MS5Stamp Pico microcontroller is used to interface with the sensors via I2C communication. The
microcontroller manages real-time data collection, power supply from a Li-Po battery, and transmission of sensor
readings to the processing unit.

C. Preprocessing and Feature Extraction
Raw sensor signals are segmented into 1-second windows with 50% overlap. Within each window, statistical features

(mean, variance, energy) and frequency-domain features (FFT coefficients, spectral entropy) are extracted. This step
reduces noise and provides discriminative inputs for classification.
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Fig. 4.2. Hardware circuit diagram of the Al-Powered Analysis of Wearable Sensor Data.

D. Machine Learning Model

A Random Forest Classifier is trained using labeled datasets of fall and non-fall activities. The model outputs a
probability score for each window. A threshold of 0.60 is applied, and three consecutive detections above the threshold
are required to confirm a fall event, thereby minimizing false positives.

E. Decision Logic and Alert Generation

Upon fall confirmation, the system triggers two actions:

1) Sending a real-time alert message via Telegram Bot API to caregivers.
2) Logging the event details into a CSV file for audit and post-analysis.

F. Power Management

The system is powered by a rechargeable Li-Po battery connected through an HW-317 charging module. Power
optimization strategies, such as sleep modes and efficient sampling, are implemented to extend operational life.

This methodology ensures reliable fall detection by combining sensor fusion, machine learning, and real-time

communication, while maintaining low-cost and portable hardware design.
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V. FLOWCHART

The system initiates by performing the initialization of all integrated modules. Subsequently, it executes continuous
monitoring of the vibration sensor to detect abnormal events. Upon identification of an accident, the system acquires
the corresponding GPS coordinates, which are simultaneously rendered on the LCD display for real-time visualization.
Furthermore, an emergency alert containing the precise location details is transmitted via the GSM communication
module to designated recipients, thereby ensuring timely assistance.
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Fig.4.1. Flowchart of the AI-Powered Analysis of Wearable Sensor Data.

VI. RESULT AND DISCUSSION

The proposed fall detection system was evaluated using accelerometer and gyroscope data collected from the MPU-
6050 sensor at a sampling rate of 50 Hz. The Random Forest Classifier model was trained on labeled datasets of fall
and non-fall activities, and its performance was assessed in terms of accuracy, sensitivity, and specificity. The system
achieved an average detection accuracy of 94.2%, with sensitivity of 92.8% and specificity of 95.6%. These results
indicate that the model is capable of reliably distinguishing fall events from normal daily activities. The threshold-
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based decision logic, which required a probability greater than 0.60 for three consecutive windows, proved effective in
reducing false positives and ensuring robust fall confirmation. Furthermore, the system demonstrated low latency, with
alerts generated within two seconds of event occurrence. The integration of Telegram Bot API enabled real-time
notifications to caregivers, while CSV logging provided a reliable mechanism for storing event details for post-analysis.
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In comparison with traditional threshold-only approaches, the inclusion of machine learning improved detection
accuracy and robustness across diverse activity scenarios. The results are consistent with prior studies that emphasize
the importance of supervised learning and multi-sensor fusion in fall detection. Unlike cloud-dependent systems, the
proposed design operates locally, thereby reducing reliance on external infrastructure and ensuring faster response
times. However, certain limitations were observed during testing. The performance of the system may vary under
extreme motion conditions or when sensors are improperly worn. Additionally, the dataset used for training may not
fully capture the variability of real-world falls, highlighting the need for further clinical validation. Battery life also
remains a constraint for long-term deployment, requiring optimization of power management strategies.
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Fig.6.2 The Processing Layer Al-Powered Analysis of Wearable Sensor Data.
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Overall, the findings confirm that combining sensor-based monitoring with machine learning and real-time
communication provides a practical and scalable solution for fall detection. The modular architecture ensures flexibility
for future enhancements, including cloud integration, edge Al deployment, and multi-sensor fusion. These results
demonstrate the potential of the system to contribute meaningfully to healthcare monitoring, particularly in elderly care
and patient safety applications.

VII. CONCLUSION AND FUTURE SCOPE

This work presents a sensor-based fall detection system that integrates accelerometer data, microcontroller processing,
and machine learning algorithms to provide real-time monitoring and alert generation. The proposed architecture
demonstrates how motion signals can be effectively processed through feature extraction and classification to
distinguish between normal activities and fall events. The system further enhances usability by incorporating threshold-
based decision logic and automated notifications via Telegram, along with CSV logging for post-event analysis
Experimental results and system design highlight the feasibility of deploying such solutions in real-world
environments, particularly for elderly care and patient safety. By combining low-cost hardware with efficient
algorithms, the system achieves a balance between accuracy, scalability, and practicality. The modular design also
ensures flexibility for future enhancements, including multi-sensor fusion, cloud integration, and edge Al deployment.

In summary, the proposed fall detection framework contributes toward the development of intelligent healthcare
monitoring systems, offering a reliable and accessible solution to reduce fall-related risks and improve quality of life.

VIIL.LFUTURE SCOPE

The proposed fall detection system demonstrates the feasibility of integrating sensor-based monitoring with machine
learning algorithms for real-time alert generation. However, several avenues remain open for future research and
development:

* Multi-Sensor Fusion: Incorporating additional sensing modalities such as microphone arrays, radar, or vision-based
systems can improve detection accuracy and reduce false positives.

* Edge Al Deployment: Optimizing lightweight deep learning models for microcontrollers (TinyML) will enable fully
embedded, low-power fall detection systems without reliance on external computing devices.

* Cloud Integration: Linking the system to cloud platforms (e.g., IoT dashboards, healthcare databases) can facilitate
large-scale data analysis, remote monitoring, and predictive analytics for fall risk assessment.

» Adaptive Thresholding: Developing dynamic threshold algorithms that adjust based on user activity patterns and
environmental conditions can enhance robustness across diverse scenarios.
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* Long-Term Usability: Future work should explore battery optimization, wearable comfort, and user acceptance
studies to ensure practical deployment in real-world healthcare environments.
* Clinical Validation: Extensive trials with elderly populations and patients at risk of falls are required to validate
system performance and establish medical-grade reliability.
The integration of these advancements will contribute toward building comprehensive, intelligent, and scalable fall
detection solutions that can significantly improve patient safety and quality of life.
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