
 

 

International Journal of Food Safety and Public Health  

Vol. 13 (1), pp. 069-073, April, 2026 

ISSN: 2756-3693  

69  

Elderly Fall Detection Using Deep Learning Techniques 
 

Mr.Mazhar Ali1, Mr.Mohammed Shabbir Ali2, Mr. Mohammed Waleed Mohiuddin3, Mr.Mohammed 

Abdul Arfath Sayeed4, Mr.Mohammad Haroon Baig5 

1Assistant Professor, Dept. Of Cse-Aiml, Lords Institute Of Engineering And Technology 
2,3,4,5B.E Student Dept. Of Cse-Aiml, Lords Institute Of Engineering And Technology  

Mail Id;mazhar@lords.ac.in1, mohammedshabbirali3@gmail.com2, fanaz.azaan@gmail.com3, 

abdularfathsayeed@gmail.com4, mohammadharoonbaig2003@gmail.com5 

 

Abstract 

Elderly Fall Detection Using Deep Learning Techniques is an intelligent healthcare monitoring system designed to 

automatically detect fall incidents in real time. Falls are one of the leading causes of serious injuries among older 

adults, often resulting in fractures, hospitalization, or life-threatening complications. The proposed system utilizes 

deep learning models to analyze video input and identify abnormal human postures and sudden movements associated 
with falls. Convolutional Neural Networks (CNN) and temporal learning models are employed to extract spatial and 

motion-based features from video frames. The system distinguishes between normal daily activities such as walking, 

sitting, or bending and actual fall events with high accuracy. When a fall is detected, the system immediately generates 

an alert notification to caregivers or family members, ensuring quick assistance. This approach enhances elderly 

safety, reduces response time in emergencies, and supports independent living through continuous and automated 

monitoring. 
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INTRODUCTION 

The increasing population of elderly individuals 

worldwide has created a growing need for advanced 

healthcare monitoring systems. Falls are one of the 

most common and serious health risks faced by older 

adults, often leading to severe injuries, long-term 

disability, or even death. Many elderly people live 

alone, making it difficult to receive immediate medical 

assistance after a fall. Traditional monitoring methods 

such as wearable devices or manual supervision may 

not always be reliable or comfortable. Therefore, there 

is a strong demand for automated and intelligent 
systems that can continuously monitor elderly 

individuals and detect falls accurately in real time. 

With the rapid advancement of artificial intelligence, 

deep learning techniques have shown remarkable 

performance in image and video analysis tasks. 

Convolutional Neural Networks (CNNs) are widely 

used for extracting spatial features from images, while 

advanced models such as Recurrent Neural Networks 

(RNNs) and Long Short-Term Memory (LSTM) 

networks help analyze motion patterns over time. By 

combining spatial and temporal features, deep learning 
models can effectively distinguish between normal 

daily activities and abnormal events like falls. These 

techniques provide higher accuracy and adaptability 

compared to traditional rule-based or sensor-based 

systems. 

The proposed Elderly Fall Detection system leverages 

deep learning models to monitor video input from 

cameras and automatically identify fall incidents. The 

system continuously analyzes body posture, 

movement speed, and sudden changes in position. 

When a fall is detected, it triggers an alert notification 

to caregivers or family members for immediate 

response. This intelligent approach not only improves 

safety and emergency response time but also promotes 

independent living for elderly individuals by 

providing continuous, real-time monitoring without 

requiring constant human supervision. 

 

PROJECT OVERVIEW 
The Elderly Fall Detection Using Deep Learning 

Techniques project focuses on developing an 

intelligent and automated healthcare monitoring 

system to ensure the safety of elderly individuals. 

As falls are one of the leading causes of serious 

injuries among older adults, timely detection and 

response are critical to preventing severe health 

complications. 

 

OBJECTIVE 

The primary objective of the project “Elderly Fall 
Detection Using Deep Learning Techniques” is to 

develop an intelligent system that can automatically 

detect fall incidents of elderly people using advanced 

deep learning models. Falls are one of the major causes 

of injuries among senior citizens, especially when they 

live alone or without continuous supervision. By using 

computer vision and deep learning techniques, the 
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system aims to monitor human activities through video 

input and accurately identify fall events in real time. 

The system will analyze body posture, motion 

patterns, and sudden changes in movement to 

determine whether a fall has occurred and provide 
quick detection. 

Another important objective of this project is to 

improve the safety and well-being of elderly 

individuals by providing immediate alerts when a fall 

is detected. The system is designed to reduce the 

response time during emergency situations by 

automatically notifying caregivers, family members, 

or medical services. Deep learning algorithms such as 

Convolutional Neural Networks (CNN) or other 

activity recognition models will be used to analyze 

video frames and distinguish between normal daily 

activities and dangerous fall events. This helps in 
minimizing false alarms while ensuring accurate 

monitoring. 

The project also aims to create a reliable, automated, 

and cost-effective fall detection solution that can be 

implemented in homes, hospitals, and elderly care 

centers. By using deep learning techniques, the system 

can continuously learn from activity data and improve 

its prediction accuracy over time. The final goal is to 

build a smart monitoring system that enhances elderly 

care, prevents severe injuries through early detection, 

and supports independent living for older adults with 
increased safety and confidence. 

 

LITERATURE SURVEY: 

The literature on AI-generated image detection and 

deep learning is grounded in several foundational 

works that have significantly influenced the 

development of modern image analysis systems. Ian 

Goodfellow et al. introduced Generative Adversarial 

Networks in 2014, a revolutionary approach consisting 

of generator and discriminator networks trained in an 

adversarial manner. This architecture enabled the 

generation of highly realistic synthetic images and laid 
the groundwork for subsequent advancements in 

generative modeling. Building upon this concept, Alec 

Radford et al. proposed Deep Convolutional 

Generative Adversarial Networks, which incorporated 

convolutional layers to stabilize training and improve 

image quality. This work demonstrated the potential of 

unsupervised feature learning and significantly 

enhanced the realism of generated images. 

In parallel, Diederik P. Kingma and Max Welling 

introduced Variational Autoencoders, offering a 

probabilistic generative framework capable of 
learning latent representations of data. Unlike GANs, 

VAEs provided a structured latent space, making them 

suitable for controlled data generation and 

representation learning. Furthermore, Yann LeCun et 

al. presented a comprehensive overview of deep 

learning, emphasizing the impact of deep neural 

networks across domains such as computer vision, 

speech recognition, and natural language processing. 

Their work highlighted the importance of hierarchical 

feature learning, which is crucial for detecting subtle 
differences between real and synthetic images. 

Advancements in deep neural architectures further 

strengthened image analysis capabilities. Kaiming He 

et al. introduced Residual Networks, which addressed 

the vanishing gradient problem through skip 

connections and enabled the training of very deep 

networks. This innovation improved feature extraction 

and classification accuracy in complex image 

recognition tasks. Earlier, Alex Krizhevsky et al. 

demonstrated the effectiveness of Convolutional 

Neural Networks for large-scale image classification 

using the ImageNet dataset, significantly 
outperforming traditional machine learning methods. 

Their work paved the way for CNN-based 

architectures widely used in fake image detection 

systems. 

In the context of synthetic media detection, Francesco 

Marra et al. investigated techniques to identify GAN-

generated fake images by analyzing statistical 

inconsistencies and artifacts introduced during image 

generation. Their study demonstrated that generative 

models often leave detectable traces in color 

distributions and frequency patterns. Similarly, 
Yuezun Li et al. proposed a method for exposing 

deepfake videos by detecting face warping artifacts, 

which arise from mismatches in resolution and facial 

alignment during synthesis. This approach highlighted 

the importance of spatial analysis in identifying 

manipulated media. Additionally, Hany Farid made 

significant contributions to Digital Image Forensics, 

focusing on detecting image manipulation through 

forensic cues such as compression artifacts, noise 

patterns, and inconsistencies in lighting. 

Collectively, these studies provide a strong foundation 

for modern AI-based real versus AI-generated image 
detection systems. They demonstrate the evolution 

from generative modeling techniques to advanced 

deep learning architectures and forensic-based 

detection methods. The integration of these 

approaches has enabled researchers to develop robust 

detection frameworks capable of identifying synthetic 

images, mitigating misinformation, and enhancing 

digital media authenticity. 

 

SYSTEM ANALYSIS EXISTING SYSTEM 

In the existing system, elderly fall detection is mainly 
performed using wearable devices, sensor-based 

systems, or basic camera monitoring technologies. 

Wearable devices such as smartwatches and pendants 

use sensors like accelerometers and gyroscopes to 

detect sudden movements that may indicate a fall. 
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However, these systems require elderly people to wear 

the device continuously, which many may forget or 

find uncomfortable. Sensor-based systems such as 

pressure sensors or motion detectors are also used, but 

they are limited to specific locations like beds or 
chairs. Vision-based systems using cameras can 

monitor activities automatically, but they may suffer 

from privacy issues and limited coverage areas. 

PROPOSED SYSTEM 

 The proposed system aims to develop an intelligent 

elderly fall detection system using the MediaPipe Pose 

model and computer vision techniques. The system 

continuously monitors human body movements 

through a camera and detects body landmarks such as 

shoulders, hips, and knees. By analyzing the change in 

body posture and the sudden drop in shoulder position, 

the system can identify a fall event in real time. When 
a fall is detected, the system automatically captures an 

image and sends an alert notification through the 

Telegram bot to caregivers or family members. This 

helps provide immediate assistance and improves the 

safety and monitoring of elderly individuals. 

 

REQUIREMENT SPECIFICATIONS 

The software requirements for the English audio-to-

Indian Sign Language (ISL) translation system are 

designed to support speech processing, language 

transformation, and animation rendering in a flexible 
environment. The system should operate on platforms 

such as Windows 10 or later, Linux, and macOS to 

ensure cross-platform compatibility. The primary 

programming language used is Python for 

implementing machine learning models, scripting, and 

backend processing, while frontend development 

utilizes JavaScript, HTML, and CSS to provide an 

interactive graphical user interface. For converting 

speech into text, the system integrates speech 

recognition APIs such as Google Speech-to-Text, 

OpenAI Whisper, and CMU Sphinx, which accurately 

transform English audio input into textual form. 
Natural Language Processing tools play an essential 

role in preparing the text for ISL translation. Libraries 

such as NLTK and spaCy are used for tokenization, 

stop-word removal, stemming, lemmatization, 

synonym substitution, and grammar restructuring. 

These preprocessing steps are necessary because 

Indian Sign Language follows a different grammatical 

structure than spoken English. The system includes a 

rule-based sign language translation module that 

converts English text into ISL glosses, which is 

preferred due to the limited availability of large-scale 
annotated datasets for ISL. An animation module is 

incorporated to convert ISL glosses into visual 

gestures using avatar-based animations, which may 

rely on 3D animation frameworks or OpenGL-based 

tools to produce smooth sign movements. To enhance 

accessibility, a translation API such as Google 

Translate can be integrated to generate subtitles in 

regional languages. Additionally, a database is 

required to store the ISL gloss dictionary, animation 

sequences, and multilingual mapping rules for 
efficient retrieval and scalability. 

 

HARDWARE REQUIREMENTS 

The hardware requirements ensure smooth operation 

of speech recognition, NLP processing, and animation 

rendering. A processor equivalent to Intel i5 or higher 

is recommended for efficient processing. The system 

should include at least 8 GB of RAM to support model 

inference and multimedia processing. A dedicated 

GPU, such as an NVIDIA GTX series or higher, is 

recommended to accelerate deep learning 

computations and improve animation rendering. A 
high-quality microphone is essential for capturing 

clear English audio input, which improves speech 

recognition accuracy. A USB camera or webcam may 

be optionally included for future extensions such as 

gesture recognition or bidirectional sign language 

communication. The system should provide a 

minimum of 100 GB of storage space to accommodate 

datasets, gloss dictionaries, animation files, and 

software dependencies. A monitor with good 

resolution is also required for clear visualization of 

ISL avatars and subtitles. 

 

SYSTEM DESIGN 

SYSTEM ARCHITECTURE 

The system architecture of the English/audio-to-ISL 

translation framework follows a modular pipeline 

integrating speech processing, linguistic 

transformation, and sign synthesis. The process begins 

with an input module that accepts either English audio 

through a microphone or direct text input from the 

user. If audio input is provided, the speech recognition 

module converts the spoken English into text using a 

speech-to-text engine. The generated text is then 
passed to the preprocessing and NLP module, where 

stop words are removed, words are normalized using 

stemming or lemmatization, and grammar is adapted 

to match ISL sentence structure. 

After preprocessing, the translation engine maps the 

processed English text into ISL glosses using rule-

based or hybrid approaches supported by lexical and 

semantic mapping. The generated gloss sequence is 

then forwarded to the sign synthesis or animation 

module, which produces ISL output in the form of 

avatar-based animations or pre-recorded gesture 
videos. If multilingual support is enabled, a subtitle 

generator module translates the original English text 

into regional languages and displays them alongside 

the ISL animation. Finally, the output module presents 

the generated sign language animation and subtitles 
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through a graphical user interface, allowing users to 

visually interpret the translated content. 

 

 

 

SOFTWARE TESTING 

Unit Testing: 

 Validate individual modules (e.g., speech-to-text 

accuracy, ISL gloss mapping). 

 Example: Test synonym substitution and Multi- 

Word Expression (MWE) detection for rule-based 

translation1. 

Integration Testing: 

 Verify interaction between modules (e.g., audio 

input → text → ISL animation pipeline). 
 Example: Ensure seamless handoff between NLP 

preprocessing and ISL gloss generation7. 

System Testing: 

 Evaluate end-to-end functionality (e.g., real-time 

translation latency, subtitle synchronization). 

 Example: Test Hybrid-AO thresholding and CNN 

model accuracy for ISL alphabet recognition3. 

Usability Testing: 

 Assess interface accessibility for hearing-impaired 

users (e.g., font size, avatar clarity). 

 Example: Validate gesture animation smoothness 
and regional subtitle readability. 

   

RESULT ANALYSIS 

Software testing is an investigation conducted to 

provide stakeholders with information about the 

quality of the product or service under test. Software 

Testing also provides an objective, independent view 

of the software to allow the business to appreciate and 

understand the risks at implementation of the software. 

Test techniques include, but are not limited to, the 

process of executing a program or application with the 

intent of finding software bugs. 

Software Testing can also be stated as the process of 

validating and verifying that a software 

program/application/product: 

● Meets the business and technical requirements that 

guided its design and Development. 

● Works as expected and can be implemented with the 

same characteristics. 

 

FUTURE SCOPE  

The future scope of the Elderly Fall Detection System 

can be enhanced by integrating advanced deep 

learning models to improve the accuracy of fall 

detection and reduce false alarms. The system can be 

expanded to support multiple cameras for monitoring 
larger areas such as hospitals and elderly care centers. 

In addition, wearable sensors and IoT devices can be 

integrated to provide more reliable health monitoring. 

Cloud-based storage can also be used to maintain 

activity records for further analysis. The system can be 

developed as a mobile or web application for easy 

access by caregivers. Integration with smart home 

technologies can further improve elderly safety and 

emergency response systems. 

 

CONCLUSION 
The project Elderly Fall Detection Using Deep 

Learning Techniques provides an effective solution 

for monitoring and ensuring the safety of elderly 

people. The system uses computer vision and the 
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MediaPipe Pose model to detect human body posture 

and identify fall events in real time. By analyzing body 

landmarks such as shoulder positions, the system can 

accurately recognize sudden posture changes that 

indicate a fall. When a fall is detected, the system 
immediately sends an alert notification through the 

**Telegram application. This helps caregivers 

respond quickly and provide assistance. Overall, the 

system improves elderly safety, reduces emergency 

response time, and supports independent living. 
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