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ABSTRACT
Falls among the elderly are a major health concern, often leading to severe injuries or complications. This
project presents a Human Fall Detection Algorithm that utilizes computer vision and deep learning to
accurately detect falls using human posture estimation. Unlike traditional sensor-based approaches, this
system operates purely on video data, making it non intrusive and easy to deploy in real-world
environments. The algorithm employs YOLO (You Only Look Once) for object detection and human
posture analysis to classify various human states, distinguishing between normal activities and potential
falls. OpenCV is used for real-time video processing, while PyTorch and TorchVision power the deep
learning model execution. The system processes video frames, extracts key body landmarks, and
determines fall events based on confidence scores and threshold values. This project aims to provide an
accurate, efficient, and real-time solution for fall detection that can be integrated into assistive
technologies, healthcare systems, or smart home monitoring solutions. The proposed approach ensures
high precision in fall identification, making it a cost-effective and scalable alternative for
elderly care.
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I.  INTRODUCTION again, which can significantly reduce a person’s

Introduction:

Falls represent one of the most prevalent and
dangerous health concerns affecting the elderly
population worldwide. As people age, changes
in physical strength, balance, and cognitive
function increase the likelihood of falling,
making it a leading cause of injury-related
hospitalization and mortality among older
adults. According to the World Health
Organization (WHO), approximately

37.3 million falls that require medical attention
occur globally each year, and a large proportion
of these incidents involve individuals aged 65
and older. The repercussions of such falls can be
severe, resulting in broken bones, traumatic
brain injuries, long-term mobility impairments,
and psychological effects such as fear of falling

confidence and independence.

As the global population continues to age, with
the proportion of elderly individuals rising
sharply, the demand for proactive, intelligent
systems capable of providing real-time
monitoring and fall detection has never been
more critical. Traditional methods for fall
detection often rely on wearable sensors like
accelerometers and gyroscopes. While these
devices can be effective under controlled
conditions, they present several limitations in
real-world usage. Elderly users may forget or
refuse to wear the devices due to discomfort or
inconvenience, and issues such as short battery
life and sensor drift can compromise the
reliability of these systems over time.

To overcome these drawbacks, this project
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introduces a vision-based fall detection system testing. It also explores the practical implications

and societal benefits of deploying such a system

that leverages the power of computer vision and
artificial intelligence. Unlike sensor-based
systems, vision-based approaches are non-
intrusive, requiring no direct contact or wearable
devices, and can seamlessly integrate into
existing surveillance infrastructure in residential
homes, hospitals, and eldercare facilities. This
allows for continuous and passive monitoring
without disrupting the daily routine of the
elderly.

At the core of the proposed system lies a
combination of advanced deep learning
techniques and real- time image processing.
Specifically, the system employs the YOLO
(You Only Look Once) framework for efficient
and accurate object detection to identify the
presence of individuals in each frame of a video
stream. This is complemented by human
posture estimation algorithms, which map key
body landmarks—such as the head, shoulders,
hips, knees, and ankles—to understand body
orientation and movement. By tracking the
relative positioning and motion of these key
points over time, the system is able to
differentiate between normal activities (e.g.,

in real-world eldercare environments, where
ensuring the safety and well-being of the elderly

is of paramount importance.
EXISTING SYSTEM:
Several fall

requirements.
Wearable Sensor-Based Systems

Wearable systems typically use sensors like
inertial
measurement units (IMUs) to detect rapid
changes in motion that may indicate a fall. These
devices are commonly worn on the wrist, waist,
or chest and continuously monitor the user's

accelerometers,  gyroscopes, and

movements.
e Advantages:
e Portable and battery-operated.
e Can detect falls with low latency.
e Limitations:

detection systems have been
developed over the years, primarily categorized
into three types: wearable sensor-based systems,
ambient sensor-based systems, and vision-based
systems. Each of these has its own advantages
and limitations, depending on the application
environment, user compliance, and accuracy

walking, sitting, or bending) and anomalous e Must be worn at all times to be

patterns that are indicative of a fall. effective.
The implementation utilizes OpenCV for e Elderly users may forget or refuse to
handling video stream input and preprocessing wear them.

tasks such as frame extraction, resizing, and .
enhancement. For deep learning inference,
PyTorch and TorchVision are employed to run
both the object detection and pose estimation
models efficiently. The integration of these
technologies enables the system to function in
real-time, providing prompt alerts when a fall is
detected, thereby enabling timely intervention.

This introduction lays the groundwork for the

Limited contextual awareness — they
cannot distinguish between actual
falls and other similar activities (e.g.,
sitting down quickly).

Ambient Sensor-Based Systems

These systems use environmental sensors such
as pressure sensors, infrared motion detectors,
ultrasonic sensors, or floor vibration detectors
installed in the living space.

subsequent sections of the documentation, which e Advantages:

will delve into the detailed architecture of the ¢ Non-wearable; users are not burdened
system, the algorithms and techniques with carrying devices.

employed, the datasets used for training and ¢ Can cover specific areas like

evaluation, and the results obtained during bedrooms or bathroomes.
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e Limitations:
e Limited coverage; only works in
areas where sensors are installed. o
e High installation cost and
maintenance.
Vision-Based Systems (Traditional
Approaches) .

for elderly individuals who may forget or
feel discomfort.

False Alarms: Sudden but harmless
movements like sitting quickly or
dropping onto a couch can trigger false
fall alerts.

Limited Context Awareness: Sensors
only detect motion data, without visual

Traditional vision-based fall detection systems
rely on classical image processing techniques

such as background subtraction, motion
detection, or shape analysis.
e Advantages:
o Non-intrusive and passive.
e Can visually confirm a fall.
e Limitations:
e Sensitive to changes in lighting,

shadows, or background noise.
e Do not provide detailed body posture
or orientation information.
o Struggle with occlusion or multiple
people in the frame.
Existing systems either compromise on user
comfort (wearables), are restricted by their
deployment environment (ambient sensors), or
lack robustness and intelligence (classical vision
methods). These shortcomings highlight the
need for a more accurate, scalable, and user-
friendly solution — one that leverages advanced
deep learning and posture estimation techniques
on video data, which this project aims to
address.
Disadvantages:
Despite the advancements in fall detection
technologies, existing systems suffer from
several limitations that affect their reliability,
usability, and scalability in real-world
scenarios—especially when it comes to elderly
care. Below are the key disadvantages associated
with current approaches:
Wearable Sensor-Based Systems
e User Dependency: These systems rely
heavily on the user to wear the device
consistently, which is not always feasible

This article can be downloaded from https://ijerst.org/index.php/ijerst

context, making it hard to verify or

understand the nature of the fall.

o Battery Dependency: Regular charging
is required, which can be burdensome and

may lead to system failure if ignored.
Ambient Sensor-Based Systems

e Restricted Coverage Area:

outdoor settings.
e High Installation Costs:

facility increases cost and complexity.

o Lack of Visual Feedback: Similar to
do not
provide any visual confirmation or clarity

wearables, ambient sensors

about the incident.

e Low Scalability: Each new room or
separate
installations, making scaling expensive

environment requires

and tedious.
Traditional Vision-Based Systems

e Sensitivity to Environmental Factors:
Variations in lighting, background, and

camera angles can greatly affect
accuracy.
e Inadequate  Pose  Understanding:

Older vision systems lack the capability
identify complex human

to accurately
postures and transitions.
e Poor Performance
Dynamic Environments:

people or moving objects in the frame.
e Limited Al Integration:

1215

These
sensors can only monitor specific areas
(e.g., a particular room), which limits
their effectiveness in larger homes or

Setting up
multiple ambient sensors across a home or

in Crowded or
These
systems may fail when there are multiple

Classical
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image processing methods are rule-

based and lack the learning capacity of

modern deep learning models.
These disadvantages necessitate a more
intelligent and adaptable solution that combines
the non- intrusive nature of vision-based systems
with the intelligence of deep learning models —
enabling better fall detection with higher
accuracy and real-world practicality.
PROPOSED SYSTEM:
To overcome the limitations of existing fall
detection systems, this project proposes a vision-
based, non-intrusive, deep learning-powered fall
detection algorithm that uses human posture
estimation to identify falls in real-time. The
proposed system eliminates the need for
wearable or ambient sensors, relying solely on
video input to monitor and assess human
activity. This approach ensures a seamless user
experience, high accuracy, and ease of
deployment in both home and healthcare
environments.
The system employs YOLO (You Only Look
Once), a state-of-the-art deep learning algorithm,
for real- time object detection and person
tracking in each video frame. Once a human is
detected, the system applies pose estimation
techniques to extract key body landmarks such
as the head, shoulders, hips, knees, and feet.
These landmarks are used to model the human
body posture dynamically.
By analyzing the orientation, velocity, and
spatial relationships of these key points over
time, the algorithm distinguishes between
normal daily activities (e.g., walking, sitting,
bending) and abnormal events such as falling. A
fall is detected when the posture abruptly
transitions from a wvertical to a horizontal
position, and the person remains motionless for
a specific duration.
The system is built using:

e OpenCV: for real-time video capture

and processing.
e YOLOvV5 (or latest): for human

detection in each frame.

e Pose Estimation Models: such as
BlazePose, OpenPose, or MoveNet to
identify and track body landmarks.

e PyTorch and TorchVision: for deep
learning model execution and
integration.

e Thresholding and Confidence
Scoring: to reduce false positives by
considering posture angle, movement
speed, and landmark displacement.

Key Features of the Proposed System:

e Non-Invasive Monitoring: No need for
wearables or embedded sensors.

e Real-Time Operation: Processes video
feeds in real-time for immediate fall
detection.

e High Accuracy: Combines object
detection and pose estimation for reliable
classification.

e Cost-Effective: Uses standard cameras
and  open-source  tools, reducing
deployment cost.

o Scalable: Can be integrated into existing
surveillance systems or smart home
setups.

o Alert Capabilities: Can be extended to
trigger alarms or send notifications to
caregivers.

The proposed system aims to serve as a reliable,
affordable, and intelligent alternative to
conventional fall detection systems. It is
especially beneficial for eldercare environments,
hospitals, rehabilitation centers, and home-based
patient monitoring solutions.

Advantages:

The proposed fall detection system, based on
human posture estimation and deep learning,
offers numerous advantages that make it
superior to conventional fall detection methods.
These advantages are crucial for real-world
applications, especially in elderly care
environments where reliability, comfort, and
prompt response are essential.
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1. Accurate Detection Using Human
Posture

e Utilizes deep learning-based pose
estimation to understand and analyze
human body positions.

e Accurately distinguishes between
normal actions (e.g., sitting, lying,
bending) and abnormal events like
falling.

2. Real-Time Monitoring and Response

e Processes video frames instantly
using YOLO and OpenCV for
immediate fall recognition.

e Enables real-time alert generation to
notify caregivers or emergency
systems.

3. Non-Intrusive and Sensor-Free

e Does not require any wearable
sensors or physical attachments.

e Completely vision-based, offering
high user comfort and ensuring
minimal intrusion into daily activities.

4. Cost-Effective Deployment

e Operates with regular video cameras
and open-source frameworks.

o Eliminates the need for expensive
specialized hardware, making it
budget-friendly and scalable.

5. Easy Integration with Existing Systems

e Can be seamlessly added to existing
CCTV or monitoring setups in
homes, hospitals, or senior living
centers.

o Highly adaptable for smart home or
10T ecosystems.

1. LITERATURE SURVAY
Fall detection in elderly care has become a
critical area of research due to the rapidly
growing aging population and the high risk of
injury or death that accidental falls can cause.
According to studies, elderly individuals who
experience falls often suffer from long-term
consequences such as fractures, disabilities, or a
decline in their overall health. As a result,

developing reliable, real-time fall detection
systems has become essential. Traditional fall
detection methods have largely relied on
wearable sensors, threshold-based algorithms, or
ambient monitoring devices. However, with the
rapid advancement of computer vision and
artificial intelligence (Al), newer, non-intrusive
approaches using video data are gaining traction.
This literature survey delves into the different
fall detection methodologies that have been
explored in the field, including wearable
sensors, machine learning, and vision-based
systems, and it highlights the technological gaps
that the proposed system intends to address.
Many of the early fall detection systems were
based on wearable devices. These devices
typically  included  sensors  such  as
accelerometers, gyroscopes, and  pressure
sensors, which monitor abrupt changes in
motion or orientation. When a fall event was
detected based on predefined thresholds, the
system would trigger an alert to notify
caregivers or family members. While such
sensor-based systems have been successful in
detecting falls caused by sudden movements,
they come with several limitations. For one, they
require the elderly to wear the devices at all
times, which can be uncomfortable, particularly
for those who may already be dealing with other
health issues. Additionally, if the device is not
worn correctly or is removed before a fall, the
system may fail to detect the event. Furthermore,
these systems struggle to differentiate between a
fall and normal daily activities, which can result
in false positives or missed falls.
Threshold-based  methods, another early
approach, set a fixed threshold for certain
motion parameters. When the sensor readings
exceed this threshold, a fall is presumed to have
occurred. While these systems are simple to
implement and relatively inexpensive, they
suffer from significant drawbacks. They lack the
flexibility to adapt to individual differences in
behavior, body types, or environmental
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conditions. For example, what might be
considered a "normal” movement for one person
could be mistaken for a fall in another.
Moreover, the rigidity of threshold-based
methods leads to a higher likelihood of false
positives and false negatives, which reduces
their reliability.

As technology progressed, machine learning
(ML) methods began to emerge as a more
sophisticated solution to the shortcomings of
earlier approaches. Algorithms like Support
Vector Machines (SVM), Decision Trees, and k-
Nearest Neighbors (k-NN) were employed to
classify human activities, including walking,
sitting, and falling, by learning from data. These
machine learning models offered the potential to
improve accuracy by detecting patterns in the
data that traditional sensor-based or threshold-
based methods could not capture. However,
while ML models proved to be more effective
than earlier systems, they still heavily relied on
sensor data, which meant they were still subject
to the limitations of wearable devices.
Additionally, these models often required a
significant amount of labeled data to achieve
high accuracy, and the feature extraction process
could be complex, requiring careful engineering
to identify the right variables for detection.

In recent years, vision-based fall detection
systems have gained popularity. These systems
use cameras to monitor a person’s movement
and determine whether a fall has occurred,
eliminating the need for wearable devices
altogether. Vision-based methods often use
techniques such as background subtraction,
motion history images, and contour tracking to
track the person’s movements and identify
suspicious activities. The non-intrusive nature of
these systems makes them particularly attractive
for elderly care, as they do not require any
physical contact with the user. However, vision-
based systems come with their own set of
challenges. They are sensitive to environmental
factors such as lighting conditions and

background clutter, which can affect the
accuracy of the fall detection process.
Furthermore, these systems can struggle with
real-time processing, especially in dynamic
environments where the background changes
frequently or when multiple people are present
in the scene. Moreover, privacy concerns may
arise, as cameras are continuously monitoring
the individuals, raising ethical issues regarding
surveillance in private spaces.

The most recent advancements in fall detection
research have integrated deep learning
techniques, particularly in human pose
estimation, which offers more accurate and
reliable detection of falls. Using deep neural
networks, human pose estimation models such
as OpenPose, MediaPipe, and BlazePose can
extract keypoints of a person’s body, identifying
the location of joints such as the shoulders,
elbows, knees, and ankles. These models can
then analyze the person’s posture and
movements to determine whether a fall has
occurred. These deep learning-based approaches
have shown remarkable improvements in
accuracy and robustness compared to traditional
methods, as they are able to process complex
human poses and detect subtle changes in body
movement. Furthermore, these systems can be
more adaptable to different environments,
providing better results across varying
conditions. Despite their advantages, deep
learning models often require significant
computational power, including GPUs, to
process video data in real-time. This can limit
their  feasibility in certain applications,
particularly when low-cost, low-power devices
are required.

The evolution of fall detection techniques
clearly highlights a shift towards vision-based,
Al-driven solutions that can provide a more
accurate and user-friendly alternative to
traditional methods. By leveraging deep learning
and pose estimation, these systems offer non-
intrusive fall detection that can be more easily
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integrated into everyday life, making them a
promising solution for elderly care. However,
challenges remain, particularly in terms of real-
time performance, computational efficiency, and
privacy concerns. The proposed system aims to
address these issues by utilizing human posture
estimation and deep learning models to provide
an efficient, scalable, and reliable solution for
fall detection in real-world environments. This
system promises to reduce the reliance on
wearable devices and overcome the limitations
of previous methods, offering a more practical
and effective approach to fall detection in
elderly care.

I11.  MODULE DESCRIPTION
The Human Fall Detection System for elderly
care is comprised of several integrated modules
that collaborate to provide accurate and real-
time fall detection using video data. Below is a
detailed breakdown of each module, outlining its
function and purpose in ensuring the system’s
efficiency and reliability.

1. Video Capture and Preprocessing

Module

This module captures live video data from a
webcam or compatible camera, continuously
processing video frames in real-time to monitor
the elderly person’s movements. Preprocessing
tasks such as resizing, normalization, and noise
reduction are performed to optimize the video
for subsequent human pose estimation and fall
detection. The module ensures that the video
feed is in the correct format, enabling efficient
and accurate analysis.

2. Human Detection and Pose Estimation

Module

The Human Pose Estimation Module is
responsible for detecting and tracking key body
landmarks such as the head, shoulders, elbows,
hips, knees, and ankles using advanced
algorithms like MediaPipe or OpenPose. These
landmarks form a skeletal model that represents
the posture and orientation of the person in real-
time. By analyzing the spatial relationships and

angles between these joints, the system can
identify abnormal postures that may indicate a
fall. This continuous tracking of body movement
allows the system to detect sudden changes or
unnatural positions effectively. The module
plays a crucial role in distinguishing between
normal daily activities and potential fall events.
Its real-time capabilities ensure quick response
and accurate monitoring. Overall, pose
estimation serves as the foundation for reliable
and intelligent fall detection.

3. Fall Detection Algorithm

Once the body keypoints are extracted, the Fall
Detection Algorithm processes this data to
evaluate posture and movement patterns for
signs of a fall. It analyzes the spatial
arrangement and dynamics of body landmarks to
identify indicators such as sudden downward
motion, imbalance, or abnormal body
orientation. Key criteria include rapid changes in
height, unnatural angles between joints, and
body collapse patterns. The algorithm uses
predefined  thresholds—such as  specific
angle ranges or displacement values—to
differentiate between normal actions and falls. If
these thresholds are exceeded, the event is
classified as a fall. This enables the system to
detect falls accurately while minimizing false
positives.

4. Decision and Alerting Module

After a fall is detected, the Decision and
Alerting Module is responsible for executing
appropriate response actions. It immediately
triggers alerts to inform caregivers, family
members, or emergency services about the
incident. These alerts can take various forms,
such as on-screen visual notifications, audible
alarms, or automated text messages. The module
ensures timely communication to enable quick
assistance. Additionally, the system records the
fall event, including timestamp and video
footage, for future analysis and medical
evaluation. This module is crucial for ensuring
both immediate response and long-term care

This article can be downloaded from https://ijerst.org/index.php/ijerst 1219



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2025

ST

International Journal of Engineering Research and Science & Technology

monitoring.
5. Real-Time Video Processing and
Analysis Module
This module manages the flow of real-time
video data to ensure smooth and uninterrupted
processing. It utilizes libraries like OpenCV to
efficiently handle video streams, enabling the
fall detection system to operate seamlessly, even
on devices with limited computational power.
By optimizing frame capture and processing
speed, the module minimizes latency and
ensures that fall events are detected and alerts
are triggered without delay. Its primary goal is to
maintain consistent system performance and
real-time responsiveness. It also handles
potential video feed interruptions gracefully to
prevent data loss.
IV. OUTPUT SCREENS
The Human Fall Detection Algorithm for the
Elderly Based on Human Posture Estimation
involves several key outputs that need to be
displayed to ensure real-time feedback and
effective monitoring. Below are the main output
screens that will be included in the system:
Starting the Application:

¥ 143 etecticr ¥ides Procarmsr

Fall Detection Video Processor

Uploading Video:

Fall Dstoction Vidoo Processor

['9 bt torus i

Starting Processing:

Fall Detection Video Processor

Upmtaand Voo

g PIogre

Proce

Sy Moot

S v it Vb
Processing Complete:

X
Fall Detection Video Processor

Ippend Viima
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V. RESULT ANALYSIS

In the result analysis phase, we assess the
effectiveness and efficiency of the Human Fall
Detection Algorithm based on human posture
estimation. This evaluation is crucial to
determine how well the system meets its
objectives and how reliably it performs under
various real-world conditions.
Performance Metrics
To evaluate the performance of the fall detection
system, several key metrics were utilized:
accuracy, precision, recall, and F1 score.

e Accuracy represents the overall
percentage of correct predictions
(fall and non-fall events) made by
the system.

e Precision indicates how many of the
detected falls were actual falls
(minimizing false alarms).

e Recall reflects the system's ability
to detect all actual fall events
(minimizing missed detections).

e F1 Score, which combines precision
and recall, offers a balanced metric
especially useful in imbalanced
datasets like fall detection.

High values across these metrics demonstrate
the system’s effectiveness in identifying fall
events accurately without excessive false
positives or negatives.

Fall Detection Accuracy

Fall detection accuracy is a primary indicator of
the system’s capability. By comparing predicted
outputs against the annotated ground truth from
a video dataset, we determine how effectively
the system distinguishes between fall and non-
fall postures. The use of YOLO for person
detection and keypoint-based posture estimation
enables the algorithm to achieve strong
accuracy, especially in well-lit and frontal-view
scenarios. Minor accuracy drops were observed
in side-view or occluded instances, indicating
scope for model refinement.

Response Time

The response time reflects the delay between the
occurrence of a fall and its detection by the
system. This is critical for real-time alerting
scenarios. The system demonstrated efficient
processing speeds, thanks to optimized OpenCV
frame handling and PyTorch inference,
averaging real-time or near-real- time
performance (typically under 200ms per frame).
This ensures timely detection and alert
triggering, essential for practical use in elder
care environments.

Usability Evaluation

While the system is algorithmic in nature, its
usability was evaluated through prototype
demonstrations to healthcare personnel and
simulated home-care setups. Feedback was
positive  regarding the system’s non-
intrusiveness and the ability to function without
requiring wearables or sensors. The simplicity of
deployment using standard video feeds makes it
appealing for integration into  existing
surveillance or monitoring systems.
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System Robustness
Robustness was tested by running the algorithm

in various environmental settings — including
changes in lighting, backgrounds, and camera
angles. The model maintained reliable

performance under most conditions, although
extremely dim lighting or crowded backgrounds
slightly reduced accuracy. The robustness of the
YOLO-based detection contributed significantly
to consistent performance across diverse inputs.

VI. CONCLUSION

In  conclusion, the development and
implementation of the Human Fall Detection
Algorithm based on human posture estimation
represent a significant advancement in the
application of artificial intelligence for elderly
care. This project has demonstrated the
feasibility and effectiveness of using computer
vision and deep learning to accurately detect fall
events without the need for intrusive wearable
Sensors.

Project Achievements: The system successfully
integrates posture-based analysis with real-time
video processing to identify falls with high
accuracy. By utilizing YOLO for object
detection and keypoint estimation for posture
evaluation, the algorithm distinguishes between
regular activities and actual falls. The use of
OpenCV and PyTorch ensures efficient
performance and smooth execution. The system
operates effectively in different environmental
conditions, offering a scalable and cost-effective
solution for real-world use in homes, hospitals,
and care centers.

Impact on Elderly Monitoring: The proposed
fall detection system has the potential to greatly
improve safety and timely medical intervention
for the elderly. By providing a non-intrusive and
automated method for fall detection, it enhances
the quality of care and supports independent
living. The system’s ability to function without
constant human supervision makes it highly
suitable for smart healthcare environments and
remote monitoring setups.

This article can be downloaded from https://ijerst.org/index.php/ijerst

Future Directions: Future enhancements could

include incorporating temporal modeling
techniques such as LSTM networks to better
understand  motion  patterns,  improving

robustness across diverse poses and scenarios.
Additional features like multi-angle camera
support, integration with alert systems, and
mobile deployment can expand its usability.
There is also potential to explore its application
in other vulnerable populations or in public

safety systems.

Overall Contribution: This project contributes
meaningfully to the growing field of Al-driven
healthcare by offering a practical, accurate, and
real-time solution for fall detection. It lays the
groundwork for future developments in non-
contact health monitoring systems, emphasizing
the role of technology in enhancing elderly

safety and well-being.
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