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Abstract. Privacy-Preserving Fall Detection for Elderly Care using Distributed Edge-AI and 

Pose Estimation aims to deliver real-time and reliable fall detection while safeguarding user 

privacy. Instead of transmitting or storing raw video footage, the system applies pose estima-

tion methods such as OpenPose or MediaPipe to extract human skeletal keypoints, thereby 

eliminating exposure of sensitive visual information. Lightweight deep learning models, includ-

ing CNNs combined with LSTM or GRU networks, are deployed directly on edge devices such 

as smart cameras and IoT nodes, enabling efficient on-device processing. By analyzing tem-

poral posture and motion patterns, the system effectively differentiates falls from routine daily 

activities. Federated learning is incorporated to enhance model performance across devices 

without sharing raw data. This edge-based approach ensures low latency, minimal bandwidth 

consumption, and robust data security. Overall, the system provides strong privacy protection, 

rapid emergency detection, scalability across diverse environments, and dependable operation 

even under limited network connectivity, making it well suited for continuous elderly monitor-

ing in smart healthcare applications. 
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I. Introduction 

The global demographic shift toward an aging population presents unprecedented chal-

lenges for healthcare systems worldwide. As life expectancy increases and birth rates 

decline, the proportion of elderly individuals requiring continuous care and monitoring 

has grown substantially. Falls represent one of the most critical health risks facing the 

elderly population, serving as a leading cause of injury-related hospitalizations and 

mortality among seniors. According to the World Health Organization, falls are the 

second leading cause of unintentional injury deaths globally, with adults aged 60 and 

above suffering the most severe consequences. Beyond immediate physical injuries 

such as fractures and head trauma, falls can trigger a cascade of complications including 
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reduced mobility, loss of independence, psychological trauma, and diminished quality 

of life. The phenomenon known as "long lie" - where an individual remains on the 

ground for an extended period after a fall - significantly increases the risk of serious 

complications and mortality, making rapid detection and response absolutely critical. 

  

Traditional fall detection approaches, including wearable sensors and manual monitor-

ing systems, suffer from inherent limitations that restrict their practical deployment. 

Wearable devices often face user compliance issues, as elderly individuals may forget 

to wear them, find them uncomfortable, or experience difficulties with charging and 

maintenance. Manual monitoring through human caregivers, while effective, is labor-

intensive, economically unsustainable for large-scale deployment, and cannot provide 

continuous round-the-clock surveillance. Video-based monitoring systems offer com-

prehensive coverage but raise serious privacy concerns, as they capture and potentially 

transmit sensitive visual information that many elderly individuals and their families 

find intrusive and unacceptable. 

  

Recent advances in artificial intelligence, edge computing, and computer vision tech-

nologies have opened new pathways for developing privacy-preserving fall detection 

systems. Edge-AI enables intelligent processing directly on local devices, eliminating 

the need to transmit raw video data to external servers. Pose estimation techniques can 

extract skeletal representations from visual data while discarding identifiable features, 

providing an elegant solution to privacy concerns. The convergence of these technolo-

gies presents an opportunity to create fall detection systems that are simultaneously 

effective, privacy-conscious, scalable, and economically viable. This research ad-

dresses these challenges by proposing a distributed edge-AI framework that leverages 

pose estimation and lightweight deep learning models to deliver real-time fall detection 

while maintaining stringent privacy protection standards. 

 

II. Related Works  
 

Sensor-based fall detection methodologies rely on capturing an individual's movement 

patterns or physiological parameters through specialized sensing devices rather than 

visual surveillance systems. The predominant sensor-based technique employs weara-

ble sensing units, including accelerometers and gyroscopes integrated into devices such 

as smartwatches, smartphones, waist-mounted units, or pendant accessories, to identify 

the characteristic motion signatures associated with falling events. These systems con-

tinuously track acceleration across three perpendicular axes, seeking to identify rapid 

acceleration spikes indicative of impact, succeeded by prolonged stillness—a distinc-

tive pattern signifying a severe fall incident. Multiple research investigations have con-

firmed the reliability of accelerometer-equipped wearable fall detectors [20]. 

 

 As an illustration, Qian et al. [20] constructed a real-time fall detection framework 

utilizing a three-axis accelerometer within an Internet of Things infrastructure; their 

prototype transmitted sensor readings to cloud infrastructure where machine learning 

algorithms differentiated falls from normal daily activities. Wearable sensing devices 

provide benefits including affordability, minimal form factor, and uninterrupted oper-

ational capability. They also offer superior privacy protection compared to camera-

based systems since no visual information is captured. Nevertheless, a critical limitation 
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is the requirement for users to consistently wear the device with proper contact for ac-

curate functionality. Elderly users may neglect or decline to wear sensors continuously, 

or may wear them incorrectly, compromising system dependability. Furthermore, false 

positive detections can arise from certain routine movements exhibiting acceleration 

characteristics resembling falls, such as rapidly sitting down or accidentally dropping 

the device [6]. Researchers have enhanced wearable fall detection precision by inte-

grating multiple sensor modalities—combining accelerometers with gyroscopes, mag-

netometers, barometric sensors, and others—and implementing pattern recognition 

techniques on sensor signal characteristics instead of basic threshold mechanisms [20, 

21]. Despite these improvements, wearable solutions fundamentally encounter user 

compliance obstacles and impose some burden on individuals. 

 

Beyond wearable devices, ambient sensor methodologies for fall detection utilize 

equipment deployed throughout the living environment. These encompass pressure-

sensitive floor or furniture sensors, acoustic monitoring systems (microphones) detect-

ing fall-related sounds or distress calls, passive infrared motion detectors, and radar-

based sensors that identify human movement and body orientation through radio fre-

quency signals [3]. Ambient sensors function autonomously without requiring any user 

intervention, thereby eliminating the compliance challenges inherent to wearable de-

vices. For example, certain smart home platforms employ acoustic classification algo-

rithms to recognize the characteristic impact sound of a falling person or utilize pyroe-

lectric infrared sensors to identify abnormal inactivity patterns or unusual body posi-

tions. 

 

Kepski and Kwolek [22, 23] developed a hybrid architecture combining body-worn 

accelerometers with a Microsoft Kinect depth sensing camera positioned in the envi-

ronment; the depth sensor provided fall verification by detecting a person in a prone 

position on the floor, thereby enhancing overall system reliability. Another methodol-

ogy by Htun et al. [24] introduced a "virtual grounding point" framework using envi-

ronmental sensing infrastructure to distinguish abnormal incidents like falls from rou-

tine movements, demonstrating that environmental contextual information can contrib-

ute to robust detection capabilities. However, purely ambient sensor-based approaches 

appear less frequently in research literature compared to vision-based or wearable 

methodologies. This disparity exists partly because such systems can experience ele-

vated false alarm rates—for instance, loud environmental noises might be incorrectly 

classified as fall events—and may necessitate comprehensive instrumentation of living 

spaces, resulting in substantial costs and installation complexity [25, 26]. Ambient sens-

ing technologies such as radar represent an active research frontier for non-invasive 

monitoring, though practical implementations frequently integrate them with comple-

mentary sensing modalities. 

 

In summary, sensor-based techniques encompassing both wearable and ambient cate-

gories present practical fall detection solutions, each with distinct advantages and lim-

itations. Wearable devices provide direct measurement of bodily motion with high de-

tection sensitivity but require consistent user compliance, while environmental sensors 

enable unobtrusive monitoring yet encounter challenges regarding spatial coverage and 

detection accuracy. Many contemporary fall detection platforms attempt to synthesize 

data from multiple sensor sources to leverage their complementary capabilities, as 
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demonstrated by various IoT-based prototypes employing sensor fusion and hierar-

chical decision frameworks to minimize false alarm occurrences [6]. Irrespective of the 

specific approach, sensor-based systems constitute a significant category of solutions, 

particularly for scenarios where camera deployment is impractical due to privacy con-

siderations or environmental constraints. 

 

III. Proposed Method 

 
System Overview:  

    This distributed edge-AI system addresses critical challenges in elderly care by com-

bining real-time fall detection with stringent privacy protection. The architecture fun-

damentally reimagines traditional video-based monitoring by processing data locally 

on edge devices rather than transmitting sensitive visual information to centralized 

servers. 

 

Core Architecture 

The system's foundation rests on pose estimation algorithms—specifically OpenPose 

or MediaPipe—which transform raw video streams into skeletal keypoint representa-

tions. These mathematical coordinates capture human body positions and movements 

while completely eliminating identifiable visual features. This approach ensures that no 

recognizable images ever leave the monitoring device, addressing privacy concerns that 

often prevent elderly individuals from accepting necessary monitoring systems. 

 

Edge Processing Framework 

Lightweight deep learning models combining Convolutional Neural Networks (CNNs) 

with recurrent architectures (LSTM or GRU) are deployed directly onto edge devices 

such as smart cameras and IoT nodes. The CNN layers extract spatial features from 

skeletal poses, while LSTM/GRU networks analyze temporal patterns to understand 

movement sequences. This dual approach enables the system to distinguish genuine 

falls—characterized by rapid downward acceleration and sustained horizontal pos-

tures—from similar-looking activities like sitting down, bending, or lying down inten-

tionally. 

 

Intelligent Learning Mechanism 

Federated learning enhances the system's accuracy without compromising privacy. In-

dividual edge devices collaboratively improve their models by sharing only learned 

parameters, not raw data or video. This distributed training approach allows the system 

to adapt to diverse environments, user behaviors, and physical characteristics while 

maintaining data sovereignty at each location. 

 

Operational Advantages 

The edge-centric design delivers multiple benefits: minimal latency ensures immediate 

fall detection and alert generation; reduced bandwidth requirements lower operational 

costs; offline functionality maintains protection during network disruptions; and decen-

tralized processing eliminates single points of failure. The system scales efficiently 

across residential facilities, hospitals, and home environments. 
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Emergency Response Integration 

Upon detecting a fall, the system triggers immediate alerts to caregivers, family mem-

bers, or emergency services while logging timestamp and location data. The rapid re-

sponse capability significantly reduces the critical "long-lie" period when elderly indi-

viduals remain immobilized after falls, thereby minimizing injury severity and improv-

ing outcomes in smart healthcare ecosystems. 

 

 
Fig 1: Architecture Diagram 

 

IV. Overall Working Flow of the Proposed System 
 

The proposed Privacy-Preserving Fall Detection system for Elderly Care using Distrib-

uted Edge-AI and Pose Estimation is designed to provide timely and accurate fall de-

tection while ensuring strong protection of personal privacy. The system begins by con-

tinuously capturing video streams through smart cameras or IoT-enabled edge devices 

deployed in living spaces such as homes and assisted-care facilities. Rather than trans-

mitting or storing raw video data, pose estimation techniques such as OpenPose or Me-

diaPipe are applied directly on the edge devices to extract skeletal keypoints that rep-

resent human body joints. This transformation converts visual data into abstract motion 

representations, effectively removing identifiable features and preventing exposure of 

sensitive information. 

 

The extracted skeletal data is then processed locally to analyze both spatial posture and 

temporal motion patterns. Lightweight deep learning models are utilized to achieve ef-

ficient on-device computation. Convolutional Neural Networks (CNNs) learn spatial 

relationships among body joints within individual frames, while temporal models such 

as Long Short-Term Memory (LSTM) or Gated Recurrent Units (GRU) capture move-

ment dynamics across consecutive frames. By monitoring sudden changes in body ori-

entation, speed, and joint displacement, the system accurately differentiates fall events 
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from routine activities such as sitting, walking, or lying down. Performing inference at 

the edge minimizes latency and enables immediate detection without dependency on 

continuous internet connectivity. 

 

To enhance adaptability and robustness across different environments and individuals, 

the system employs federated learning. Each edge device trains the model locally using 

its own pose-based data and shares only encrypted model updates with a central server. 

Since raw data never leaves the device, privacy is preserved while enabling collabora-

tive learning. The aggregated global model is periodically updated and redistributed, 

allowing continuous improvement in detection accuracy across all devices. 

 

When a fall is detected, the system instantly triggers alert notifications to caregivers or 

healthcare personnel through secure communication channels. The edge-based archi-

tecture ensures reliable operation even under limited or unstable network conditions. 

Overall, the proposed system achieves low latency, reduced bandwidth consumption, 

strong data security, and high scalability, making it highly suitable for continuous and 

privacy-aware elderly monitoring in smart healthcare applications. 

 

 V. Performance Evaluation 

 

The performance of the proposed IoT-enabled Privacy-Preserving Fall Detection sys-

tem using Distributed Edge-AI and Pose Estimation is evaluated through a multidimen-

sional assessment framework to ensure its practicality and reliability in real-world el-

derly care scenarios. This evaluation considers several key dimensions, including de-

tection effectiveness, response time, computational efficiency, network utilization, pri-

vacy assurance, and scalability, which are essential for smart healthcare systems based 

on IoT technologies. 

 

To assess fall detection effectiveness, widely used evaluation metrics such as accuracy, 

precision, recall, F1-score, and fall detection rate are employed. The combination of 

pose estimation with CNN and LSTM/GRU-based models enables the system to accu-

rately identify fall events while minimizing false positives caused by routine activities. 

The use of temporal skeletal motion analysis significantly enhances recognition perfor-

mance compared to static or frame-level approaches. 

 

The system’s real-time performance is examined by measuring end-to-end latency, cov-

ering pose extraction, model inference, and alert transmission. By executing light-

weight deep learning models directly on IoT edge devices, the system achieves rapid 

response times, ensuring immediate fall detection without relying heavily on cloud in-

frastructure. This capability is critical for emergency situations that require prompt 

caregiver intervention. 

 

In evaluating resource and energy efficiency, metrics such as processor utilization, 

memory usage, and power consumption are analyzed on edge devices. The results 

demonstrate that the optimized models are well suited to the constrained hardware of 

IoT nodes, supporting continuous monitoring while maintaining low energy consump-

tion and system stability. 
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The network efficiency dimension highlights the benefits of edge-based processing and 

federated learning. Since raw video data is not transmitted, bandwidth usage is signifi-

cantly reduced. Only skeletal keypoints and encrypted model updates are shared, low-

ering communication overhead and improving system robustness in environments with 

limited connectivity. 

 

Finally, privacy protection and scalability are assessed by examining data exposure 

risks and system performance as the number of connected IoT devices increases. The 

results confirm that the system maintains strong privacy guarantees and consistent per-

formance, making it a scalable and secure solution for long-term elderly monitoring in 

smart healthcare applications. 

 

 
                                 

Fig.2. Performance analysis 

 

  VI. Results and Discussion  
 

 The proposed system for Privacy-Preserving Fall Detection in Elderly Care using 

Distributed Edge-AI and Pose Estimation was assessed based on its fall detection ef-

fectiveness, response time, privacy protection, and computational efficiency. The eval-

uation results indicate that the system performs reliably in real-time environments while 

ensuring that sensitive visual information remains protected. 

 

 The experimental evaluation demonstrates that the pose-based fall detection ap-

proach achieves a high level of accuracy in identifying fall incidents across various 

scenarios, including forward, backward, and lateral falls. By relying on skeletal key-

points rather than raw image data, the system reduces interference from background 

elements and environmental variations. This leads to more consistent performance 

when compared with traditional camera-based fall detection methods. 

 

 Additionally, the system exhibits a low false alarm rate during routine activities such 

as walking, sitting, bending, and lying down. The use of temporal motion analysis en-

ables the model to distinguish sudden fall movements from normal posture changes. As 
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a result, the system minimizes unnecessary alerts while maintaining reliable fall recog-

nition. 

 

 The distributed Edge-AI architecture plays a critical role in achieving low processing 

latency. Since pose extraction and fall classification are performed locally on edge de-

vices, the system avoids delays caused by cloud-based data transmission. This allows 

fall events to be detected almost instantaneously, ensuring timely notifications to care-

givers and medical personnel. 

 

 Moreover, the lightweight nature of the deployed models enables efficient execution 

on resource-limited edge hardware. Continuous monitoring is supported without exces-

sive computational overhead, confirming the feasibility of long-term deployment in el-

derly care settings.Privacy protection is a key advantage of the proposed solution. Only 

anonymized skeletal coordinates are processed and transmitted, ensuring that no iden-

tifiable visual information, such as faces or surroundings, is captured or stored. This 

design significantly reduces privacy risks and complies with ethical and data protection 

requirements. Compared to conventional video surveillance systems, the proposed ap-

proach offers a more secure and socially acceptable monitoring solution. 

 

 The modular and distributed system architecture allows multiple edge devices to 

function independently across different locations. This enhances scalability and makes 

the solution suitable for large care facilities or home-based monitoring environments. 

The system can be easily extended without major architectural changes. 

 

 The results confirm that integrating pose estimation with distributed Edge-AI pro-

vides an effective trade-off between accuracy, speed, and privacy. However, factors 

such as occlusion, poor lighting, and the presence of multiple individuals may influence 

pose detection accuracy. Future enhancements may include sensor fusion and adaptive 

learning strategies to further improve system robustness. 

 

VII. Conclusion 
 

This study suggested a distributed Edge-AI and pose estimation-based fall detection 

platform for senior care that is privacy-aware. The method successfully protects indi-

vidual privacy while delivering dependable fall detection performance by using skele-

ton keypoints rather than raw video feeds. Fast, real-time analysis with low latency and 

less dependency on centralized cloud resources were made possible by the implemen-

tation of lightweight deep learning models on edge devices. The system effectively dis-

tinguishes between fall occurrences and typical daily motions, reducing false alarm 

rates and increasing response efficiency, according to experimental evaluation. Flexible 

and scalable deployment across a range of care environments, such as homes and as-

sisted living institutions, is made possible by the distributed design. Despite several 

restrictions pertaining to occlusions and ambient factors, the findings show that inte-

grating posture estimation with Edge-AI offers a useful, efficient, and privacy-preserv-

ing solution.Overall, the proposed approach offers a promising direction for enhancing 

safety and independence in elderly healthcare monitoring systems. 
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   VIII. Future Work 
 

    Although the proposed privacy-preserving fall detection system demonstrates effec-

tive performance, several enhancements can be explored to further improve its robust-

ness and applicability. One potential direction is the incorporation of sensor fusion, 

combining pose estimation with data from wearable devices, accelerometers, or depth 

sensors. This integration can improve accuracy in challenging scenarios such as occlu-

sions, low-light conditions, or multiple occupants in the same environment. 

 

    Another area for development is adaptive learning, where the system continuously 

learns from individual user movement patterns. This personalization could help reduce 

false alarms and better distinguish between normal activities and actual falls. 

 

     Expanding the system to support multi-person monitoring would increase its usabil-

ity in shared living spaces or larger care facilities. Additionally, implementing context-

aware analysis, which considers factors like location, time, and prior movement history, 

could enhance predictive capabilities and proactive fall prevention. 

 

     Finally, optimizing models for energy efficiency and edge hardware acceleration 

would enable continuous, long-term operation on low-power devices, making the sys-

tem more practical for home deployment. Collectively, these improvements could make 

the framework more accurate, adaptive, and scalable for real-world elderly care appli-

cations. 
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