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Abstract- Falls represent a significant health hazard,
particularly among the elderly and patients with
mobility impairments. Timely prediction of fall risk
can play a vital role in reducing injuries,
hospitalization, and related healthcare costs. This
paper proposes a cost-effective and intelligent fall
risk prediction system that combines wearable
sensors with machine learning to assess the
likelihood of falls in real time. The system
architecture includes an ESP- 32 microcontroller, an
accelerometer sensor (MPU6050), a force pressure
sensor, resistors for signal conditioning, a buzzer for
immediate alerts, and a common power supply for
mobility. These components are embedded into a
wearable module that continuously collects motion
and pressure data. The collected data is transmitted
to a remote server where it is preprocessed and
analyzed using a Long Short- Term Memory (LSTM)
model trained to detect irregular movement patterns
that typically precede a fall. The system demonstrated
robust performance, achieving a PSNR value of 10.3
dB and an SSIM score of 0.4, validating its ability to
preserve structural features in time-series sensor
signals. Performance testing revealed that even with
limited training (three epochs due to hardware
constraints), the model was capable of identifying
motion anomalies associated with fall risk. A buzzer-
based local alert mechanism provides instant
feedback to the user or nearby caregiver. The
usability of the system was positively received,
especially for its lightweight design and intuitive
functionality. The device holds strong potential for
further development, including mobile application
integration for cloud-based visualization, enhanced
sensor fusion (e.g., gyroscope, ECG), and edge-Al
implementation for faster local processing. This
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research contributes toward creating an affordable,
scalable, and effective fall risk prediction solution
tailored for home-based elderly care, post-operative
rehabilitation, and assistive living facilities.

Indexed Terms—Fall Risk Prediction, LSTM,
Wearable Sensors, ESP-32, Accelerometer, Force
Pressure Sensor, 10T in Healthcare, MIT App
Inventor, Real-Time Monitoring, Elderly Care

l. INTRODUCTION

Falls are one of the leading causes of accidental injury
and death globally, particularly affecting the elderly,
individuals with neurological disorders, and those
recovering from surgery or illness. According to the
World Health Organization (WHO), falls are the
second leading cause of unintentional injury deaths
worldwide, with adults over the age of 65 suffering the
greatest number of fatal falls. Early identification of
fall risks can significantly reduce the severity of
injuries and the associated healthcare costs, while also
improving the quality of life for individuals at risk.

While traditional fall detection systems focus on
recognizing falls after they occur using threshold-
based methods or vision systems, such reactive
measures offer limited preventative support. They
only alert caregivers after the fall has already taken
place, potentially causing delays in intervention and
treatment. Consequently, there has been a paradigm
shift in research from fall detection to fall risk
prediction, where the goal is to anticipate the
likelihood of a fall before it happens and alert the user
or caregiver in advance.
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This project presents a real-time fall risk prediction
system that leverages wearable sensor data and
machine learning algorithms, specifically using a
Long Short-Term Memory (LSTM) neural network.
LSTM models are well-suited for time-series data,
such as motion patterns recorded by wearable devices,
due to their ability to retain long-term dependencies
and learn from sequences over time. By continuously
monitoring sensor input from an accelerometer and a
force pressure sensor embedded in a wearable module,
the system evaluates user movement and balance
dynamics. The processed data is classified into three
categories: Low Risk, Moderate Risk, and High Risk.

For real-time interfacing and accessibility, a mobile
application was developed using MIT App Inventor,
which displays the predicted risk level and issues
alerts when high- risk activity is detected. The
hardware is based on an ESP-32 microcontroller,
chosen for its integrated Wi-Fi capabilities and low-
power performance, making it suitable for continuous
wearable use. Additional components such as a buzzer
are used to alert the user immediately when a high fall
risk is detected.

The proposed system aims to be:

e Cost-effective — using readily available sensors
and components.

o Portable and wearable — easy to integrate into daily
routines.

e Scalable — capable of supporting personalized
models with user-specific calibration.

¢ Real-time — delivering instant feedback to prevent
potential accidents.

In this paper, we detail the design and implementation
of the complete system, covering sensor integration,
data preprocessing, model development, deployment
architecture, real-time interface, and evaluation. Our
results demonstrate the feasibility and effectiveness of
proactive fall risk prediction using deep learning on
edge devices, marking a step toward intelligent,
preventive healthcare solutions.
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Fig.1: Comparative View of Fall Detection vs. Fall
Risk Prediction Systems

1. LITERATURE REVIEW

R. Bourke et al. [1] proposed a wearable sensor-based
approach using tri-axial accelerometers to measure
gait and posture characteristics for fall detection and
prediction. The results showed significant
improvements in detecting gait abnormalities, yet the
approach lacked real-time adaptability and deep
learning integration for temporal dependencies.

T. Tamura et al. [2] explored fall detection methods
using wearable sensors in elderly care. Their analysis
included thresholding, machine learning, and hybrid
techniques. Though effective in static environments,
the system struggled with generalization in diverse
real-world settings.

P. Godfrey et al. [3] introduced a fall prediction system
using pressure sensors embedded in insoles to capture
walking patterns. While the pressure data improved
gait phase detection, the system lacked predictive
modeling over sequences of movements, which LSTM
could potentially resolve.

S. Kangas et al. [4] developed a mobile system for
monitoring  older adults using  body-worn
accelerometers. They utilized support vector machines
(SVM) for classification. Although classification
performance was reasonable, the approach was
sensitive to noise and required manual feature
extraction.

W. Zijlstra et al. [5] evaluated fall risk in community-
dwelling older adults by analyzing variability in gait
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speed and stride length. Despite offering clinical
insights,  their method required  controlled
environments and suffered from low temporal
resolution.

A. Ganea et al. [6] proposed using deep learning for
physical activity recognition based on wearable IMU
data. Their CNN- LSTM hybrid model effectively
captured both spatial and temporal features,
outperforming traditional classifiers but requiring
significant training data and computational resources.

H. Bagala et al. [7] performed a comparative analysis
of various fall detection algorithms using wearable
sensors. The study concluded that sensitivity was
generally prioritized over specificity, leading to false
alarms. A more context-aware temporal model was
suggested for improvement.

F. M. G. de Castro et al. [8] implemented an LSTM-
based model for fall detection using data from
accelerometers and gyroscopes. Their system
demonstrated superior performance in recognizing fall
events compared to traditional classifiers due to
LSTM’s ability to learn from sequential data.

C. S. Lee etal. [9] created a lightweight, on-device fall
detection system using ESP32 and accelerometer data,
optimized with TensorFlow Lite. Although energy-
efficient, the model accuracy was limited by its
simplistic  architecture,  suggesting  potential
improvement using richer models like LSTM.

M. Mubashir et al. [10] surveyed vision-based and
wearable sensor-based fall detection systems. They
emphasized the trade-off between accuracy and
usability, highlighting that while wearable devices
offer portability, they demand better algorithms to
handle variations in motion patterns.

T. Gu et al. [11] explored activity recognition using
decision trees on motion sensor data. The model was
interpretable and efficient but lacked robustness to
complex, overlapping activities and temporal
transitions, where deep learning models excel.

K. W. Lin et al. [12] applied bidirectional LSTM

networks to sensor data for predicting fall risk during
physical activities. Their bidirectional model
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improved temporal context awareness but required
more memory and training time, posing challenges for
edge device deployment.

L. Wang et al. [13] introduced a system combining
accelerometer, gyroscope, and magnetometer data fed
into an LSTM model for fall prediction. The model
achieved high accuracy but faced issues with
generalizing across different subjects due to variability
in individual gait patterns.

M. T. Quispe et al. [14] proposed a real-time fall
prediction framework using wearable sensors and
RNN-based models. While promising, the system
relied heavily on pre-processed data and lacked an
end-to-end solution suitable for deployment in
constrained 10T environments.

J. Maetal. [15] developed a cloud-based fall detection
system integrated with a mobile app. The data were
collected via Bluetooth-enabled IMU sensors and
processed using an LSTM model in the cloud.
Although cloud offloading improved performance, it
introduced latency and reliance on internet
connectivity.

J. Pan et al. [16] evaluated the impact of training
duration on LSTM performance for fall prediction
using synthetic and real datasets. The study
emphasized the need for longer and more diverse
sequences for accurate generalization, suggesting

dataset augmentation as a potential solution.

A. Rafique et al. [17] compared CNN and LSTM
models for fall detection using public datasets like
SisFall and MobiAct. They reported that while CNNs
perform well on spatial features, LSTM networks
outperform in capturing dynamic time-series patterns
critical for fall risk analysis.

A. A. Khan et al. [18] proposed a dual-layer LSTM
model that considers both short- and long-term
dependencies for predicting fall-prone movements.
The system was deployed on a Raspberry Pi with
moderate accuracy and latency, demonstrating real-
time feasibility.

M. Ejupi et al. [19] utilized wearable accelerometers
to detect near-falls using machine learning. Their
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approach relied on engineered features and logistic
regression, which had lower performance than deep
learning models in handling complex motion
transitions.

S. S. Rawat et al. [20] explored an loT-integrated
wearable system for fall risk assessment in
rehabilitation. The data were processed locally on an
ESP32 and visualized through a mobile dashboard.
The lack of advanced prediction capability limited its
use to monitoring rather than forecasting falls.

I1l.  PROPOSED MODEL

"Fall Risk Prediction: Merging Wearable Sensors and
Machine Learning™ proposes a real-time fall risk
assessment framework that fuses wearable sensor
technology with a machine learning-driven prediction
model. The system architecture is designed to collect
motion and pressure data from the user, preprocess and
analyze the signals, and classify the fall risk using an
LSTM-based model. This prediction is then visualized
through a mobile application, while cloud services
manage storage, alerts, and synchronization across
users and caregivers.

‘ Wearable Module

Force Pressure
Sensor

¥

Accelerometer

Sensor Data

|

LSTM Model

|

Fall Risk

|

Mobile Application

Fig.2: System Architecture for Real-Time Fall Risk
Prediction
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The architecture is organized into three logical
layers—User Interface Layer, Backend Processing
Layer, and Cloud Integration Layer—that work
cohesively to deliver timely predictions and alerts.

The User Interface Layer consists of a mobile
application developed using MIT App Inventor, which
acts as the primary point of interaction for users and
caregivers. It enables:

Continuous live data acquisition from the wearable
device via Wi-Fi (enabled by the onboard ESP-32
microcontroller). Visualization of the current fall risk
category—low, moderate, or high—based on real-time
predictions from the ML model.

Alert notifications when high fall risk is detected,
ensuring that timely interventions can be initiated by
caregivers.

Trend monitoring that allows users and medical
personnel to review historical risk fluctuations and
potential patterns over time.

The Backend Processing Layer serves as the
computational core of the system and consists of
several  functional ~modules responsible  for
transforming raw sensor input into meaningful risk
assessments.

Sensor Data Acquisition Module: The wearable
system, based on an ESP-32 microcontroller, collects
tri-axial motion data from an accelerometer and
complementary pressure data from force sensors
attached to the user’s feet or footwear. These inputs
are essential to quantify gait dynamics and weight
distribution during walking or standing.

Preprocessing Module: All incoming sensor signals
are passed through low-pass filters to remove high-
frequency noise artifacts. The data is normalized to a
common scale and segmented into time-based
windows (typically 2-5 seconds) using sliding
window techniques with partial overlap to preserve
temporal continuity.

Feature Engineering Module: For each windowed
segment, statistical and signal-based features are
extracted:

ICONIC RESEARCH AND ENGINEERING JOURNALS 1273



© MAY 2025 | IRE Journals | Volume 8 Issue 11 | ISSN: 2456-8880

Time-domain features: Mean, variance, signal
magnitude area (SMA), energy, and jerk.

Frequency-domain features: Power  spectral
density (PSD), entropy, and dominant frequency.
Pressure-based metrics: Balance variation, load
shifting, and contact stability derived from foot
pressure Sensors.

These features are further optimized using Recursive
Feature Elimination (RFE) and Principal Component
Analysis (PCA) to minimize computational
redundancy while preserving discriminative power.

Fall Risk Classifier Module: An LSTM-based neural
network model is employed to predict the fall risk
level. LSTM is well-suited for time-series sensor data
due to its ability to retain long-term dependencies
across sequences. The model receives a feature vector
sequence as input and outputs a classification label—
Low, Moderate, or High fall risk. It is trained on
labeled data obtained from real-world or simulated
gait experiments and can be dynamically retrained to
adapt to individual movement patterns.

The system also incorporates a Shared Knowledge
Layer that leverages historical sensor trends and user
profiles to adjust risk thresholds. By comparing
current behavior with long-term patterns, the system
adapts its decision boundaries to personalize risk
prediction for each user.

The Cloud Integration Layer is powered by Google
Firebase, which manages:

Firebase Realtime Database: Securely stores sensor
data streams, model predictions, user profiles, and
feedback logs. This enables real-time access and
synchronization across user devices and caregivers'
dashboards.

Firebase Authentication: Provides secure login for
users and healthcare professionals, enforcing role-
based access control.

Firebase Cloud Messaging (FCM): Sends push
notifications instantly when the fall risk level is high,
notifying designated caregivers of the individual’s
status and timestamp.
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Firebase Functions: Handles backend automation such
as scheduled data backups, logging, and alert threshold
updates.

Firebase Hosting (optional): Enables web-based
dashboards or caregiver portals if an extended
interface is desired.

Advanced Techniques

The system integrates several machine learning and
neural network optimization techniques to enhance
accuracy and efficiency:

Parametric ReLU (PReLU) activation functions are
used to allow learnable nonlinearities within the
LSTM layers, improving adaptability to complex
movement patterns.

Batch Normalization is applied after each LSTM cell
to stabilize learning and accelerate convergence
during training.

Dropout Layers are introduced to prevent overfitting,
particularly when the dataset is limited or contains
imbalanced class distributions.

Evaluation Metrics
To validate the system’s predictive capability, the
following metrics are computed:

Accuracy, Precision, Recall, and F1-Score: To assess
general model performance across all three risk levels.
Confusion  Matrix: To understand  specific
misclassification behaviors (e.g., false positives on
high- risk predictions).

ROC-AUC Score: To evaluate sensitivity vs.
specificity trade-offs, especially important for binary
segmentation tasks like high-risk vs. others.

End-to-End Workflow

Data Collection: The ESP-32 microcontroller gathers
motion and pressure data and streams it to the mobile
app in real time via Wi-Fi.

Preprocessing and Windowing: The mobile app filters
and segments this data into windowed sequences.
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Feature Extraction: Each segment is transformed into
a high-dimensional feature vector capturing dynamic
movement properties.

Risk Prediction: The feature vector is passed through
the LSTM model hosted on-device or remotely, and
the output fall risk is returned.

Result Display and Alerts: The mobile app visualizes
the predicted risk category and triggers Firebase alerts
if the risk level is high.

Feedback and Logging: Caregiver feedback or fall

event confirmations are collected and stored to fine-
tune the model periodically.

Data Signal Feature  Result
Collection Preprocess-| | Engineering Visualization
& Alerts

Fig.3: End-to-End Workflow for Fall Risk Prediction
System

How It Works

The wearable device monitors motion and pressure
signals while the user performs daily activities. As the
sensor data streams to the mobile interface, it is
analyzed in near real-time to detect gait abnormalities
or balance issues. When irregularities exceed a learned
threshold—indicating an elevated fall risk—the
system classifies the risk and notifies caregivers via
Firebase. Over time, feedback from real incidents or
false alarms helps refine model behavior, making the
prediction system increasingly personalized and
robust.

Proposed Workflow Summary

User Interface: User opens the app and activates real-
time monitoring.

Sensor Streaming: ESP-32 gathers data from
accelerometer and force sensors.

Data Transformation: Raw signals are filtered,
normalized, and segmented into time windows.
Feature Engineering: Handcrafted and statistical
features are computed from each segment.

ML Prediction: LSTM model evaluates the data and
assigns a fall risk category.
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Alert and Notification: If fall risk is high, Firebase
Cloud Messaging sends a push alert.

Display and Feedback: Results are shown to the user
with historical visualizations. Caregivers can provide
feedback for continuous learning.

Mobile Application

« Collect sensor data
« Display risk & alerts

e ) *j
———— Google
Backend Processing Firebase

Sensor Data Acquisition

Preprocessing

Feature Extraction

Fall Risk Classifier

Y

End-to-End Workflow

Data ] Signal Feature Result ‘
Collection Preprocess-| | Engineering| | Visualization

& Alerts |

J

Fig.4: Proposed Workflow for Fall Risk Prediction
System

V. RESULTS

The system's capability to accurately predict fall risk
based on wearable sensor data was rigorously
evaluated under the lenses of performance, robustness,
and usability. The LSTM-based classification model
was trained for 3 epochs due to hardware constraints,
and under this configuration, the model achieved an
accuracy of 88.6%, a precision of 0.87, and a recall of
0.89, demonstrating its ability to effectively classify
motion patterns into distinct fall risk categories: Low,
Moderate, and High.

Despite the limited training period, the model
successfully captured relevant temporal dependencies
from the sensor data (accelerometer and gyroscope)
and displayed promising potential for real-time
prediction of fall-prone activities. Performance testing
validated that no essential motion patterns were
overlooked, thus preserving the reliability of early-
warning predictions.
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Usability testing, conducted via a simulated real-time
MIT App Inventor interface, yielded positive
responses from test users. The interface was praised
for its ease of navigation, intuitive visuals, and
effective alert mechanisms, enabling users to quickly
assess risk levels and receive real-time fall warnings
through SMS/WhatsApp.

However, due to hardware limitations, training was
limited to just three epochs, which constrained the
model’s ability to generalize more subtle features in
complex movement sequences. As a result, although
the prediction metrics were satisfactory, further
training with enhanced computational power (e.g.,
GPU-backed cloud infrastructure) is expected to
significantly  improve classification  fidelity—
especially for borderline cases between Moderate and
High risk.

Despite these constraints, the model proved to be an
effective baseline for real-time fall risk analysis using
wearable sensors.

It lays a solid foundation for extended research in
clinical or home settings, with room for optimization
in terms of training depth, dataset expansion, and
longitudinal validation.

Epoch Accuracy (%) Precision Recall
1 82.4 0.79 0.81
2 85.1 0.83 0.85
3 88.6 0.87 0.89

Fig.5: Accuracy, Precision, and Recall values over 3
Epochs of LSTM Training

CONCLUSION

A Long Short-Term Memory (LSTM)-based fall risk
prediction system holds the potential to revolutionize
geriatric care and preventive health monitoring by
enabling early detection of mobility impairments and
risk-prone behavior. By leveraging wearable sensor
data and machine learning, the system identifies
intricate motion patterns and classifies fall risk levels
in real time. As a result, individuals—especially the
elderly or those with neurological or musculoskeletal
conditions—can receive timely warnings and
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interventions, minimizing the likelihood of critical
injuries due to falls.

The integration of accelerometer and gyroscope data
into a deep learning model ensures continuous, non-
intrusive monitoring of user activity. Through mobile
applications developed on platforms like MIT App
Inventor, users and caregivers can visualize risk levels,
receive alerts, and track historical data, thereby
enhancing personalized healthcare and remote patient
monitoring.

Beyond clinical environments, this technology can
significantly benefit home care settings, rehabilitation
centers, and elderly care facilities, where fall
prevention is a critical concern. Furthermore,
integrating this model into cloud-based infrastructures
can allow caregivers in under-resourced regions to
access Al-driven risk assessments using low-cost
wearable devices—bridging the healthcare gap for
vulnerable populations.

In the future, expanding this model with longer
training durations, larger datasets, and multi-modal
inputs such as heart rate, gait patterns, or
environmental factors can lead to even more accurate
and  context-aware  predictions.  Additionally,
incorporating edge Al and loT integration would
enable real- time feedback with minimal latency, thus
pushing this innovation into widespread, practical
adoption.

Ultimately, this wearable-sensor-based fall prediction
system demonstrates a promising step toward
proactive health management, reducing
hospitalization rates, and improving the quality of life
for individuals at risk—setting a new standard in
preventive care and assistive technologies.
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