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1. Abstract

Falls are the leading cause of fatalities or serious injuries among individuals aged 65 and older. Around 30% of elderly aged 65 and older experience
falls each year. An urgent and efficient fall detection technology needs to be developed due to the rising occurrence of fall incidents in the senior population.
It would offer essential assistance to the elderly in the event of a fall. An effective fall detection system is crucial for safeguarding the safety and welfare of
the elderly. The human body falls due to an unstable or asymmetrical centre of gravity, which impairs its ability to maintain balance. In this study, we suggest
a method for restructuring accidental falls using the symmetry principle to address the difficulty mentioned above. We use OpenPose to extract the skeletal
data regarding the human body and detect falls based on three key parameters: the rate of decline at the hip joint’s centre, angle of the body’s midline with
the ground, and the width-to-height proportion of the exterior rectangular shape of the human body. We are examining how people stand up after falling, a

topic that prior studies have not explored.

2. INTRODUCTION

Falls are one of the major public health challenges affecting the elderly population worldwide. According to the World
Health Organization, falls are the second leading cause of unintentional injury-related deaths worldwide, with adults
aged 60 years and above being the most affected group. As life expectancy increases due to improved healthcare systems,
the number of elderly individuals living independently is rapidly rising.

Traditionally, elderly care has relied heavily on human caregivers, family members, or institutional supervision.
However, this model is becoming increasingly unsustainable due to rising costs, caregiver shortages, and the growing
elderly population. As a result, smart healthcare technologies such as the Internet of Things (IoT), computer vision,
artificial intelligence (Al), and edge computing have been actively explored as alternative solutions to provide continuous,
automated health monitoring.

Among the various health risks faced by the elderly, accidental falls remain the most frequent and dangerous. Falls
can lead to severe injuries such as hip fractures, spinal cord injuries, traumatic brain injuries, long-term disabilities, and
even death [1]. In many cases, the consequences of a fall are worsened by delayed medical attention, a phenomenon
known as the “long lie,” where the victim remains on the ground for an extended period without help. Studies show that
elderly individuals who remain on the floor for more than one hour after a fall have a significantly higher risk of mortality
and long-term institutionalization.

To address this problem, various fall detection systems have been developed over the years. These systems generally
fall into three main categories: wearable-based systems, ambient sensor-based systems, and vision-based systems.
Wearable systems rely on accelerometers and gyroscopes attached to the body to detect abnormal motion patterns. While
they offer high accuracy, they suffer from issues such as user discomfort, device non-compliance, limited battery life, and
maintenance problems. Ambient sensor-based systems use pressure sensors, vibration sensors, infrared detectors, and
radar-based sensors installed in the environment. These systems reduce the need for wearables but are limited by sensor
coverage, signal interference, and environmental noise [2].
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Vision-based fall detection systems have recently gained significant attention due to advancements in computer
vision and deep learning. These systems utilize standard RGB cameras or depth cameras to analyze human posture,
movement, and behavior in real-time. With the emergence of pose estimation frameworks such as Google MediaPipe,
OpenPose, and AlphaPose, it has become possible to monitor human skeletal movements accurately without requiring
the person to wear any device. Vision-based systems are non-intrusive, cost-effective, and suitable for indoor monitoring
environments such as homes, hospitals, and care centers.

The DAIO: Intelligent Vision-Based Fall Detection System is developed within this technological context. The system
aims to provide a real-time, privacy-preserving, and non-intrusive fall detection solution for elderly safety monitoring
using standard RGB cameras. By leveraging computer vision, kinematic motion analysis, Kalman filtering, and intelligent
triple-check verification logic, DAIO seeks to improve detection accuracy while significantly reducing false alarms

2.1. Problem Background

The elderly population faces a substantial and growing threat from fall-related injuries, with falls representing the
leading cause of both fatal and non-fatal injuries among individuals aged 65 and above. According to the World Health
Organization, approximately 684,000 fatal falls occur globally each year, with adults older than 60 years suffering
the greatest number of casualties [3]. Beyond the immediate physical trauma, falls precipitate a cascade of secondary
complications that significantly impact quality of life and independence.

The “Long Lie” problem is defined as the inability to get up and remaining on the ground or floor for more than
one hour after a fall, emerges as the chief determinant of mortality and morbidity outcomes among elderly fallers [4].
Research demonstrates that elderly individuals who experience long lies face substantially elevated risks of serious
complications including pressure sores, dehydration, hypothermia, rhabdomyolysis, and pneumonia. Furthermore, the
psychological impact of falls extends beyond physical injury; individuals who have experienced falls often develop a fear
of falling (FOF) that leads to activity restriction, social isolation, and accelerated functional decline [5].

Traditional countermeasures have predominantly relied on wearable devices such as pendant alarms, smartwatches
with fall detection algorithms, and body-worn accelerometers [6]. While these technologies demonstrate technical
efficacy in controlled laboratory conditions, real-world deployment reveals critical adoption barriers. Studies indicate
that compliance rates for wearable fall detection devices decline dramatically over time, with users frequently forgetting
to wear devices, neglecting to charge batteries, or consciously removing them due to comfort concerns or stigmatization
[7]- This compliance gap creates dangerous periods where at-risk individuals remain unmonitored, effectively negating
the protective benefits of the technology (Figure 1).

Wearable Device Compliance: Initial Adoption vs. Sustained Use
Yo

Compliance Rate (%)
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Figure 1 Usage of Wearable devices
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The need for a robust, non-intrusive alternative that operates independently of user cooperation has driven the
development of vision-based fall detection systems. These systems leverage existing security camera infrastructure
or dedicated monitoring cameras to provide continuous surveillance without requiring active participation from the
monitored individual [8]. However, early vision-based systems suffered from unacceptably high false positive rates,
triggering alarms for benign activities such as bending to tie shoes, picking up dropped objects, or performing prayer
movements, actions that share superficial geometric similarities with falls but fundamentally differ in their kinematic
characteristics.

2.2. Problem Statement

The development of DAIO specifically addresses three critical technical shortcomings that have limited the
effectiveness of existing fall detection solutions in real-world deployment scenarios. Each of these challenges requires
sophisticated technical solutions that integrate multiple domains of computer science and applied physics.

2.2.1. Kinematic Instability in Motion Tracking: Standard tracking filters employed in conventional fall detection
systems, particularly Simple Kalman Filters (SKF), demonstrate fundamental inadequacies when confronted with the
highly non-linear dynamics characteristic of human motion during fall events [9]. The SKF operates under the assumption
oflinear system dynamics, which holds reasonably well for slow, controlled movements but breaks down catastrophically
during rapid, uncontrolled falls where acceleration profiles change dramatically within milliseconds.

This linearization limitation manifests as unstable velocity estimates that exhibit spurious oscillations and fail
to capture the true kinematic signature of fall events [10]. Specifically, the vertical velocity component, the most
discriminative feature for differentiating falls from controlled descent, becomes corrupted by measurement noise and
linearization errors, rendering threshold-based detection logic unreliable. The consequence of this instability extends
beyond mere measurement inaccuracy; it fundamentally compromises the system’s ability to perform reliable impact
analysis, as the temporal sequence of velocity changes that characterizes a true fall becomes indistinguishable from
sensor noise artifacts. The solution requires an advanced filtering approach capable of non-linear state estimation.
The Extended Kalman Filter (EKF) addresses this limitation by performing local linearization around the current state
estimate at each time step, using Jacobian matrices to approximate the non-linear system dynamics [11]. This adaptive
linearization strategy enables the filter to maintain tracking stability even during the rapid accelerations and decelerations
that characterize fall events, providing the reliable kinematic data necessary for accurate fall classification (Figure 2).

2.2.2 Lack of Specificity and High False Positive Rate: Current fall detection systems that rely solely on simple
geometric heuristics such as the ratio of subject height to width, or the absolute position of the center of mass, suffer from
unacceptably high false positive rates when deployed in real-world environments containing diverse human activities
[12]. These geometric approaches fail to capture the temporal dynamics and complex kinematic patterns that distinguish
intentional, controlled movements from genuine fall events.

Comparative Time-Seres Flots of Velocity Estimates During a Fall Event
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Figure 2 Comparative time-series plots
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The fundamental problem lies in the ambiguity of instantaneous pose configurations. A person bending forward to
tie their shoes may momentarily present a body geometry nearly identical to a person in mid-fall. Similarly, individuals
performing exercises, picking up objects from the floor, sitting down rapidly, or engaging in cultural/religious practices
such as prayer movements can all trigger false alarms in systems that rely exclusively on spatial geometric features [13].

This lack of specificity creates alert fatigue among caregivers and monitoring personnel, who become desensitized to
frequent false alarms and may consequently delay response to genuine emergencies, a dangerous outcome that defeats
the fundamental purpose of fall detection systems. Research in human-computer interaction demonstrates that users
begin ignoring alarm systems when false positive rates exceed approximately 10%, with complete abandonment of the
system occurring when rates approach 20% [14].

The solution requires moving beyond instantaneous geometric analysis to incorporate temporal and kinematic
dimensions of motion. A sophisticated system must analyze the sequence of body configurations over time, examining
not just where the body is positioned at any given moment but how rapidly it arrived at that position and the trajectory
it followed [15]. This necessitates the integration of velocity-based features, specifically the capture and analysis of
rapid downward acceleration followed by sudden deceleration at impact, the kinematic signature that unequivocally
distinguishes falls from controlled movements.

2.2.3 Privacy Concerns and Alert Latency: Centralized processing architectures, where video data is streamed to
remote cloud servers for analysis, this introduces two critical deficiencies: privacy vulnerabilities and processing latency
that may delay critical emergency responses. The transmission of continuous video feeds containing potentially sensitive
information about individuals’ activities and living spaces to external servers raises substantial ethical concerns and
regulatory compliance challenges, particularly in healthcare contexts subject to HIPAA regulations in the United States
or GDPR requirements in Europe [16].

Moreover, the round-trip latency introduced by cloud processing, encompassing network transmission delays,
processing queue wait times, and return communication can extend detection-to-alert timescales by several seconds.
In fall detection scenarios where the window for preventing long-lie complications is measured in minutes, these delays
substantially degrade the system’s protective value [17]. The solution mandates edge-based processing architecture
where video analysis occurs locally on dedicated hardware positioned at the monitoring site. This approach ensures
that raw video data never leaves the premises, eliminating privacy concerns while simultaneously minimizing latency by
removing network transmission delays from the critical path. The challenge lies in optimizing detection algorithms to run
efficiently on edge hardware with constrained computational resources, necessitating careful computational efficiency
(Figure 3).

FIGURE 1.3 System Architecture Comparison: Cloud vs. Edge-based Processing for Fall Detection
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Figure 3 Architecture Diagram
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2.3. Aims and Objectives

In this section, the aims and objectives of this system will be listed below, it states the aims and objectives of this
system.

2.3.1 Project Aim: The overarching aim of this project is to develop and rigorously validate a high-specificity, privacy-
preserving fall detection system capable of providing rapid, locally-generated alerts through the integration of advanced
machine learning techniques for pose estimation with non-linear kinematic filtering methodologies. This system must
operate reliably in real-world deployment scenarios characterized by varying lighting conditions, camera angles, and the
diverse range of normal activities performed by elderly individuals in residential settings. The system must achieve this
aim while maintaining computational efficiency suitable for edge deployment on standard consumer-grade hardware,
ensuring accessibility and scalability for widespread adoption in both institutional care facilities and private residences.
Furthermore, the system must provide actionable alerts that include contextual information enabling appropriate
emergency response while maintaining strict privacy protections for monitored individuals.

2.3.2 Project Objectives:

® To improve fall detection accuracy by implementing a Transformer-based temporal sequence analysis model
capable of learning complex long-range dependencies in pose sequence data, thereby reducing false alarm rates to below
5% while maintaining sensitivity above 90%. .

® To enhance motion tracking reliability by implementing Extended Kalman Filter (EKF) principles for non-linear
state estimation, providing smooth and accurate kinematic data particularly vertical velocity components that serve as
robust features for fall classification.

@® To develop a secure, privacy-preserving real-time alert system that performs all video analysis locally at the edge,
transmitting only encrypted alert notifications with relevant contextual metadata

2.4. Project Scope

The project’s scope includes creating a vision-based fall detection system that joins in with current [oT devices and
can be able to differentiate falls from usual activities. Process optimization for real-time processing is part of this, as it
increases detection effectiveness and speed while reducing the false positives. The design of the system will place a high
priority on user friendliness, addressing the necessities of careers and older people. Full testing and validation process
will guarantee the system’s efficiency and dependability in a range of places while also taking ethical and privacy concerns
into account. One of the main priorities will be the scalability, which will enable some use in different locations, including
homes, community centers, and senior care places. The project aims to generate documentation and training materials
that will aid in maintenance, and user training. This will enable the project to be widely used and put into practice.

2.5. Significance of the Project

This project might be able to solve a big societal problem: how to keep elderly people safe, especially when it comes
to avoiding and dealing with falls. Falls are a big health risk for older people because they can hurt themselves badly, end
up in the hospital, and make their quality of life worse. The purpose of this study is to make it easier to spot falls and act
quickly on them by developing a vision-based system that can tell the difference between falls and normal day to day
activities. This finding has effects that go past just making technology better. Because it works well with existing [oTs,
the system that was made could be used in a lot of places, like homes, senior care facilities, and community centers. Large
spread uses of this idea could greatly improve the level of care for elderly people, and caregivers and hospitals would be
relieved of a lot of work. The system is also helpful for both caregivers and older people because it is easy to use and can
process information in real time.

The project also focuses on ethical issues and privacy protection, which makes sure that tracking and surveillance
technologies are used in a responsible way that protects user data and privacy rights. By addressing these issues, the
effort helps move technology forward in elder care in a better way. This project has an effect on older people, the people
who care for them, healthcare workers, and society as a whole. With better fall detection and prevention features, the
suggested system could have a big effect on public health and care for the elderly, saving lives, lowering healthcare costs,
and making older people’s lives better.
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2.6. Chapter Summary

The main goal of this study project is to find ways to make sure that older people are safe, especially when it comes to
preventing and responding to falls. Falls are very bad for older people’s health because they often cause serious accidents
and hospital stays. The main goal of this study is to make it easier to find and respond quickly to falls by creating a vision-
based system that can tell the difference between falls and normal daily activities. Beyond new technology, this study
could have a wide range of effects. While the proposed system would be easy to use with current [oT networks, it could
be widely adopted in many places, such as homes, senior care facilities, and community centers. This widespread use
could greatly enhance the standard of care for older people while easing a lot of stress on carers and healthcare facilities.
The system is also easy for carers and older people to use and helpful because it can process information in real time and
has an easy-to-understand layout. The project also puts a lot of stress on privacy and ethical issues. It makes sure that
monitoring and surveillance technologies are used in a way that protects the user data and privacy rights. Taking these
worries into account, the effort helps to make technology used in elder care more ethical. The suggested vision-based
fall monitoring system could have a big effect on the care of the elderly and on public health by saving lives, lowering
healthcare costs, and making older people’s lives better.

3. INTRODUCTION

One of the most serious health issues that older adults confrontis the risk of falling. Without quick medical intervention,
the aftereffects of a fall could be fatal. Although it would be ideal to hire nurses and carers to assist the elderly with their
daily activities, this would be a very costly option. Caretakers also have a big issue keeping an eye on the elderly and
helping them out all the time. Commitment becomes a worry when older people experience falls while carers are not
around to supervise. It's important to think about ways to help the elderly, and one possibility is to install a Vision based
fall detection system. It should be dependable and affordable.

This chapter presents a comprehensive examination of the technical and theoretical foundations underlying modern
fall detection systems, with particular emphasis on the paradigm shift from traditional machine learning approaches
and linear tracking methods toward advanced, physics-informed architectures that integrate deep learning with
domain-specific knowledge from biomechanics and signal processing. The review synthesizes research across multiple
domains including computer vision, state estimation theory, human activity recognition, and Internet of Things (10T)
system architectures to establish the theoretical justification for the technical choices made in the DAIO system design.
The evolution of fall detection technology has progressed through distinct generations, each addressing limitations
of its predecessors while introducing new capabilities. Early systems relied on simple threshold- based detection of
accelerometer readings from wearable devices, progressing to more sophisticated machine learning classifiers operating
on handcrafted features extracted from inertial measurement units (IMUs). The current state-of-the-art represents a
convergence of computer vision, deep learning, and advanced signal processing, enabling non-invasive monitoring with
unprecedented accuracy.

3.1. Theoretical Basis of Motion Tracking

3.1.1. The Extended Kalman Filter: Principles and Applications: The Extended Kalman Filter (EKF) represents
a fundamental advancement in the field of non-linear state estimation, extending the optimal estimation properties of
the classic Kalman Filter to systems characterized by non-linear dynamics or non-linear observation models (Welch &
Bishop, 2006). The mathematical foundation of the EKF rests on the principle of sequential Bayesian estimation, where
the state of a dynamic system is recursively estimated from a sequence of noisy observations.

The standard Kalman Filter operates under two restrictive assumptions: (1) the system dynamics can be adequately
modeled by linear equations, and (2) the observation process relating hidden states to measurements is linear. These
assumptions enable closed-form analytical solutions for the optimal state estimate that minimizes mean squared error.
However, human motion during fall events violates both assumptions dramatically. The relationship between body pose
measurements (keypoint coordinates in image space) and the underlying kinematic state (position, velocity, acceleration
in world coordinates) is inherently non-linear due to perspective projection effects and articulated body dynamics [18].

The EKFaddressesthesenon-linearities throughlocallinearization, computing first-order Taylor seriesapproximations
(Jacobian matrices) of the non-linear system dynamics and observation functions around the current state estimate at
each time step. This approach yields the following recursive estimation equations (Figure 4):
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Where F and H represent the Jacobian matrices of the process model f(-) and observation model h(:) respectively,
evaluated at the current state estimate. This linearization strategy enables the filter to maintain tracking stability even
during the rapid acceleration transients characteristic of fall events. Research by bagala F [19], demonstrated the
efficacy of EKF approaches for determining body orientation from accelerometer data in the context of gait analysis and
fall risk assessment. Their work established that the EKF’s adaptive nature, adjusting uncertainty estimates based on
measurement quality and prediction confidence, provides superior performance compared to fixed-parameter linear
filters when tracking human activities characterized by intermittent rapid movements interspersed with quasi-static
periods (Figure 5).

In the context of fall detection, the EKF provides three critical advantages over simpler filtering approaches. First,
it generates stable velocity estimates even during the highly dynamic phases of fall events when acceleration profiles
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Figure 5 Mathematical representation of EKF prediction-update cycle
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change rapidly. Research by Sucerquia [20], demonstrated that EKF-derived velocity features reduce false positive
rates by approximately 40% compared to simple finite difference velocity estimation methods. Second, the filter’s
covariance matrix provides quantitative uncertainty estimates that can be incorporated into the detection decision logic,
enabling confidence-weighted classification. Third, the EKF framework naturally accommodates sensor fusion, allowing
integration of multiple information sources (e.g., multiple camera views or complementary sensors) through principled
statistical combinations.

3.1.2 Comparison of Kalman Filtering Approaches in Fall Detection: The application of Kalman filtering techniques
to fall detection has evolved substantially over the past decade, with researchers exploring various filter architectures
ranging from simple linear filters to sophisticated adaptive non-linear approaches. Understanding the comparative
advantages and limitations of these approaches informs the design choices made in the DAIO system.

3.1.2.1 Simple Kalman Filter (SKF) Implementations

Early implementations of fall detection systems employed the standard linear Kalman Filter due to its computational
efficiency and well-understood behavior [6], developed a fall detection system using SKF for preprocessing triaxial
accelerometer data, demonstrating 95.67% accuracy in controlled laboratory conditions. However, their system exhibited
significant performance degradation when deployed in real-world settings with diverse activities, primarily due to the
filter’s inability to track rapid non-linear movements without introducing substantial lag or instability. The fundamental
limitation of SKF approaches stems from the assumption of constant-velocity or constant acceleration motion models.
While these models provide reasonable approximations for smooth, controlled movements, they fail catastrophically
during fall events characterized by rapidly varying acceleration profiles. This mismatch between model assumptions and
actual dynamics manifests as increased state estimation error precisely when accurate tracking is most critical for fall
detection.

3.1.2.2 Extended Kalman Filter Applications

The adoption of EKF techniques in fall detection represents a significant advancement, as demonstrated by multiple
research groups [9], implemented an EKF-based fall detection system that achieved superior tracking stability during
rapid movements, reporting a 12% reduction in false positive rates compared to equivalent SKF implementations.

Their work emphasized the importance of appropriate Jacobian matrix formulation, which requires careful derivation
based on the specific sensor configuration and body model employed. Research by Rezaee K[10], extended EKF application
to vision-based fall detection, using the filter to track body center of mass trajectories extracted from video sequences.
Their results demonstrated that EKF stabilized trajectory features enabled more reliable discrimination between fall and
non-fall activities, particularly for challenging scenarios involving rapid sitting movements or aggressive bending that
share superficial geometric similarities with falls (Figure 6).

Comparative Tracking Performance: SKF vs. EKF vs. UK
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Figure 6 Comparative tracking performance graph
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3.1.2.3 Advanced Filtering Techniques

Beyond the EKF, researchers have explored more sophisticated non-linear filtering approaches including the
Unscented Kalman Filter (UKF) and Particle Filters (PF). The UKF addresses some limitations of the EKF’s first-order
linearization by using a deterministic sampling technique (the unscented transform) to capture higher-order moments of
the state distribution [21]. However, for the relatively wellbehaved dynamics of human pose tracking, empirical studies
suggest that the added computational cost of UKF approaches provides minimal accuracy improvement over well-tuned
EKF implementations [22]. Particle Filter approaches offer the theoretical advantage of representing arbitrary non-
Gaussian posterior distributions, which may be relevant for multi-modal fall scenarios or severe occlusion handling.
However, practical implementations reveal that PF methods require significantly more computational resources to
achieve comparable tracking accuracy, making them less suitable for real-time edge deployment scenarios [23]. Based on
this comparative analysis, the DAIO system employs EKF techniques as the optimal balance between tracking accuracy,
computational efficiency, and implementation complexity for real-time fall detection applications

3.2. Computer Vision and Pose Estimation Technologies

3.2.1. Evolution of Pose Estimation Frameworks: Human pose estimation the task of localizing human body joints
(keypoints) from visual input has undergone revolutionary advances in recent years, progressing from computationally
intensive traditional computer vision methods to highly efficient deep learning-based approaches capable of real-time
operation on standard hardware.

3.2.1.1 Traditional Pose Estimation Methods :

@ Early pose estimation systems relied on handcrafted features and pictorial structure models to represent human
body configuration. These approaches typically employed techniques such as:

@ Histogram of Oriented Gradients (HOG): Feature descriptors capturing local edge orientation patterns characteristic
of body parts [24].

@ Deformable Part Models (DPM): Structured models representing the human body as an assembly of parts with
geometric constraints [25].

@ Contour-based methods: Techniques that extract and match body silhouettes against parametric body models.

While these methods achieved reasonable accuracy in controlled conditions, they suffered from substantial
computational requirements, limited generalization to novel poses or viewpoints, and brittle performance in challenging
real-world scenarios with occlusion, varying lighting, or cluttered backgrounds.

3.2.1.2. Deep Learning Revolution in Pose Estimation

The application of Convolutional Neural Networks (CNNs) to pose estimation, pioneered by Toshev [26], with their
DeepPose system, initiated a paradigm shift in both accuracy and robustness. Modern pose estimation frameworks
employ sophisticated architectures that predict heatmaps indicating the probability of keypoint presence at each pixel
location, enabling sub-pixel localization accuracy. The Key architectural innovations include:

@ Stacked Hourglass Networks: Iterative refinement through repeated bottom-up, top-down processing.

@ High-Resolution Networks (HRNet): Maintenance of high-resolution representations throughout the network
[27].

® Transformer-based architectures: Application of self-attention mechanisms for capturing long-range
dependencies between body parts [28].

These advances have enabled pose estimation systems to operate at real-time frame rates (>30 fps) on standard GPUs
while maintaining high accuracy even in challenging scenarios.

3.2.2. MediaPipe Pose: Architecture and Capabilities

MediaPipe Pose, developed by Google Research, represents a state-of-the-art pose estimation framework optimized
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specifically for real-time performance on resource-constrained devices including smartphones and edge computing
platforms [29]. The framework employs a two-stage detection architecture:

Stage 1: Person Detection A lightweight detector identifies the presence and bounding box of a person in the input
frame. This detector is based on a MobileNet architecture optimized through neural architecture search to balance
accuracy and computational efficiency.

@ Stage 2: Pose Landmark Prediction A regression network predicts 33 body keypoint locations (landmarks)
representing major body joints, facial features, and hand positions. The network outputs both 2D coordinates in image
space and relative depth (z-coordinate) for each landmark, enabling 3D pose reconstruction from monocular images.

The MediaPipe Pose architecture incorporates several technical innovations that make it particularly suitable for fall
detection applications:

@ BlazePose backbone: A highly efficient neural network architecture achieving >30 fps performance on mobile
devices while maintaining localization accuracy competitive with larger models [30].

@ Heatmap-guided refinement: Initial coarse predictions are refined through a learnable heatmap decoder that can
recover precise keypoint locations even under moderate occlusion.

@ Visibility prediction: Alongside coordinate predictions, the model outputs visibility scores indicating confidence
that each keypoint is visible in the current frame, enabling robust handling of occlusion scenarios.

® Temporal smoothing: Built-in filter mechanisms that maintain temporal consistency across frames, Reducing the
jitter in keypoint trajectories.

Research by multiple groups has demonstrated MediaPipe Pose’s effectiveness for fall detection applications. A study
by Riahi [8], developed ElderFallGuard, a system utilizing MediaPipe for pose extraction combined with Random Forest
classification, achieving 94.1% recall with 95.6% specificity on standard fall detection datasets. Their work emphasized
MediaPipe’s ability to maintain stable keypoint tracking even during the rapid movements characteristic of fall events
(Figure 7).

3.2.3. Pose-Based Activity Recognition

The transition from raw pixel data to structured pose representations provides substantial advantages for activity
recognition tasks including fall detection. Pose-based approaches offer several benefits:

{A) Normal Standing Posture {B) Mid-fall Dynamic Pose (€} Ground Contact Pose

Figure 7 Mediapipe body point tracking
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Invariance Properties: Pose representations exhibit invariance to factors such as clothing appearance, skin tone, and
background clutter that complicate appearance-based methods. A fall has similar kinematic characteristics regardless of
whether the person is wearing light or dark clothing [31].

Interpretability: Unlike end-to-end deep learning approaches that operate as “black boxes,” pose-based systems
provide interpretable intermediate representations. Developers can examine keypoint trajectories and understand why
the system classified a particular movement as a fall or non-fall, facilitating debugging and system refinement.

Computational Efficiency: Operating on low-dimensional pose representations (typically 33 keypoints x 3
coordinates = 99 dimensions per frame) is substantially more efficient than processing raw image data (millions of
pixels), enabling real-time operation on resource-constrained edge devices.

Privacy Protection: Pose skeleton data contains minimal personally identifying information compared to full video
frames, providing inherent privacy protection, an individual cannot be identified from pose skeleton alone in most cases
[32].

Research by Mazzia [13], demonstrated that purely attention-based neural networks operating on 2D pose sequences
achieve state-of-the-art performance on human activity recognition benchmarks, substantially outperforming approaches
that attempt to process raw video data. Their Action Transformer (AcT) architecture, applying self-attention mechanisms
to temporal pose sequences, achieved 90.4% accuracy on the NTU RGB+D dataset’s while operating at 150 fps a level of
computational efficiency unattainable with video-based methods.

3.3. Transformer Architectures for Temporal Sequence Analysis
3.3.1. Transformer Architecture: Foundational Concepts

The Transformer architecture, introduced by Vaswani [33], in the seminal paper “Attention Is All You Need,”
represents a fundamental departure from previous sequence modeling approaches that relied on recurrent or
convolutional operations. The Transformer’s core innovation, the self-attention mechanism, enables the model to compute
representations of a sequence by considering relationships between all positions simultaneously, rather than processing
elements sequentially as in recurrent neural networks (RNNs) or within fixed receptive fields as in convolutional neural
networks (CNNs).

3.3.1.1 Self-Attention Mechanism

The multi-head self-attention mechanism computes weighted combinations of value vectors based on the similarity
between query and key vectors derived from the input sequence. Mathematically, for input sequence X, the attention
operation computes:

Attention (Q,K,V) = softmax(QK™/vd )V

Where Q (queries), K (keys), and V (values) are linear projections of the input, and d is the dimension of the key
vectors. This mechanism allows each position in the sequence to attend to all other positions, capturing long-range
dependencies that RNNs struggle to learn due to vanishing gradient problems.

3.3.1.2 Multi-Head Attention

The Transformer employs multiple parallel attention mechanisms (heads), each potentially learning to focus on
different aspects of the sequence relationships. The outputs from all heads are concatenated and transformed, providing
arich, multi-faceted representation:

MultiHead (Q,K, V) = Concat(heady, ..., head JW°
Where head; = Attention (QW;Q, KW;K, VW;V)

This parallel attention structure enables the model to simultaneously attend to information from different
representation subspaces at different positions critical for understanding complex motion patterns in fall detection
where multiple body parts may provide complementary discriminative information (Figure 8).
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3.2.2. Application of Transformers to Human Pose Estimation and Activity Recognition

The success of Transformer architectures in natural language processing has inspired their adaptation to computer
vision tasks, including human pose estimation and activity recognition. These adaptations recognize fundamental
similarities between language sequences and temporal pose sequences both involve understanding patterns in sequential
data where context from distant positions influences interpretation of the current element.

3.2.2.1. Transformer-Based Pose Estimation

Several research groups have developed Transformer-based architectures specifically for pose estimation tasks.
TransPose [34], applies the Transformer decoder to refine keypoint positions predicted by a CNN backbone, treating
keypoints as learnable query embeddings.

This approach achieved state-of-the-art results on the COCO keypoint detection benchmark, demonstrating that self-
attention mechanisms effectively model spatial relationships between body joints.

TokenPose [28], goes further by representing keypoints as tokens in a Transformer encoder-decoder architecture,
enabling the model to learn implicit constraints about anatomical structure. Their results showed that this token-based
representation captures geometric relationships between joints more effectively than traditional CNN approaches,
leading to improved localization accuracy particularly for occluded keypoints.

3.2.2.2. Transformers for Action Recognition from Pose Sequences

The application of Transformers to action recognition from pose sequences has proven particularly effective for fall
detection applications. Zheng [15], proposed PoseFormer, which applies Transformer encoders to temporal sequences
of 3D pose representations lifted from 2D detections. Their architecture achieved state-of the-art results on the Human
3.6M dataset for 3D pose estimation, demonstrating that self-attention mechanisms effectively capture the temporal
dynamics of human motion.

Research by Li W [35], introduced MHFormer (Multi-Hypothesis Transformer), which generates multiple hypotheses
for 3D pose and uses self-attention to select the most plausible interpretation based on temporal consistency. This
multi-hypothesis approach proves particularly valuable for ambiguous situations common in fall detection for instance,
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distinguishing a controlled squat from an early-stage fall where the instantaneous pose is similar but the trajectory
history differs (Figure 9).

3.2.3. Justification for Transformer Use in DAIO

The incorporation of Transformer architectures into the DAIO system design directly addresses Objective 1: achieving
high specificity through sophisticated temporal analysis. Several characteristics of fall events make them particularly
amenable to Transformer-based classification:

Long-Range Temporal Dependencies: Falls typically unfold over 1-3 seconds, encompassing approximately 30-90
frames at standard 30 fps video rates. The complete fall trajectory from initial instability through descent and impact
provides a distinctive temporal signature that must be understood holistically. RNN-based approaches struggle to
maintain representations of information from 90 time steps in the past, while Transformer self-attention mechanisms
naturally access the entire sequence history without this limitation [36].

@ Variable-Length Sequences: Different falls occur at different rates depending on the initiating event, individual
characteristics, and environmental factors. Transformers naturally handle variable-length sequences through positional
encoding and masking mechanisms, unlike CNN approaches that typically require fixed-length inputs.

Multi-Scale Temporal Patterns: Critical information for fall classification exists at multiple temporal scales rapid
local patterns (sudden acceleration at impact, occurring over 3-5 frames) and slower global patterns (overall trajectory
arc, spanning 60-90 frames). Multi-head attention mechanisms enable the model to simultaneously capture patterns at
different temporal scales, with different attention heads potentially specializing in different time scales.

@ Interpretability through Attention Visualization: The attention weights computed by Transformer models
provide direct insight into which temporal positions the model considers important for its classification decision. This
interpretability is valuable both for system debugging during development and for building user trust in deployed
systems caregivers can review attention patterns to understand why the system flagged a particular event as a fall.

Empirical results from action recognition literature support this choice. Mazzia [13], demonstrated that Transformer-
based architectures outperform both RNN and CNN approaches on pose-based action recognition benchmarks, achieving
superior accuracy while requiring fewer parameters and less training data. Their work specifically highlighted the
effectiveness of self-attention for is ambiguating similar activities precisely the challenge faced in distinguishing falls
from fall-like ADLs.
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Figure 9 Transformer attention visualization
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3.3. Edge Computing and IoT System Architectures for Healthcare Monitoring
3.3.1 Edge Computing Paradigm

Edge computing represents a distributed computing paradigm that brings data processing and storage closer to the
data source in this case, the monitoring camera rather than relying on centralized cloud infrastructure. This architectural
choice provides several critical advantages for fall detection applications:

@® Reduced Latency: By eliminating the need to transmit video data to remote servers for processing, edge
architectures achieve sub-second response times from event occurrence to alert generation. Research by Alabduljabbar
A [37], demonstrated that edge-based processing reduces alert latency from 2.3+0.7 seconds (cloud-based) to 0.4+0.1
seconds (edge-based) in elderly monitoring applications—a difference that can be critical for fall response.

@ Privacy Protection: Edge processing ensures that raw video data never leaves the monitored premises, addressing
substantial privacy concerns associated with continuous video surveillance. Only anonymized metadata and alerts are
transmitted over network connections, substantially reducing both privacy risks and regulatory compliance burden [38].

@ Bandwidth Efficiency: Transmitting continuous video streams to cloud servers consumes substantial network
bandwidth. In contrast, edge architectures transmit only occasional alert messages (typically <1 each), reducing
bandwidth requirements by several orders of magnitude. This efficiency is particularly important for deployment in
residential settings with limited internet connectivity.

@ Reliability: Edge-based systems continue operating even when network connectivity is interrupted, providing
uninterrupted monitoring and local alerting. Cloud-dependent systems fail completely during network outages, creating
dangerous monitoring gaps (Figure 10).

3.3.2 10T Integration for Healthcare Applications

The Internet of Things (IoT) paradigm enables the integration of diverse sensing, processing, and communication
devices into cohesive monitoring systems. Modern healthcare 10T systems typically employ hierarchical architectures
with three layers:

@ Device Layer: Physical sensors and actuators that interact with the monitored environment cameras, wearable
sensors, environmental sensors (temperature, humidity), and alert devices (speakers, lights).

THE EDGE

E&

Figure 10 Edge Computing vs Cloud Computing:
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@ Edge Layer: Local processing nodes that aggregate data from device layer, perform real-time analysis, and make
immediate control decisions. In the DAIO system, this layer encompasses the computer vision processing pipeline and
fall detection logic.

® Cloud Layer: Remote servers that provide long-term data storage, system management interfaces, analytics
dashboards, and integration with external healthcare information systems.

Research by Alam [39], demonstrated that well-designed IoT healthcare systems can reduce emergency response
times by 40% while simultaneously improving patient outcomes through continuous monitoring that enables early
intervention for degrading health conditions. Their work emphasized the importance of edge intelligence performing
sophisticated analysis locally rather than simply relaying raw sensor data to the cloud.

3.3.3. Communication Protocols for Real-Time Healthcare Alerting

The selection of appropriate communication protocols represents a critical design decision for real-time alerting
systems. Healthcare applications demand protocols that provide reliable, low-latency message delivery while operating
efficiently on resource-constrained IoT devices.

3.3.3.1. MQTT (Message Queuing Telemetry Transport)

MQTT has emerged as the de facto standard protocol for IoT messaging due to its lightweight design optimized for
unreliable networks and constrained devices [17]. The protocol employs a publish-subscribe architecture where:

@ Publishers generate messages on specific topics (e.g., “alerts/fall-detected”)

@ Subscribers register interest in topics, receiving all messages published to those topics

@ Broker mediates between publishers and subscribers, handling message routing and delivery

MQTT provides three quality-of-service (QoS) levels enabling applications to balance reliability against overhead:
® QoS 0: At most once delivery (fire and forget)

® QoS 1: At least once delivery (acknowledged)

@ QoS 2: Exactly once delivery (assured handshake)

For fall detection alerts, QoS 1 provides an appropriate balance—the system must ensure alerts are delivered,
but duplicate alerts are acceptable given that responding twice to a genuine fall is far preferable to missing the alert
entirely. Research by Naik [40], evaluated multiple IoT protocols for healthcare applications, finding that MQTT provided
40% lower latency and 60% lower bandwidth consumption compared to HTTP-based REST APIs while maintaining
higher reliability in challenging network conditions. These characteristics make MQTT ideal for the real-time alerting
requirements of fall detection systems.

3.3.3.2. Alternative Protocols

While MQTT represents the optimal choice for DAIO’s alerting system, several alternative protocols merit brief
discussion:

® CoAP (Constrained Application Protocol): A restful protocol optimized for constrained devices. CoAP provides
lower overhead than MQTT for single request-response interactions but lacks MQTT’s efficient publish-subscribe pattern
for one-to-many messaging [41].

® AMQP (Advanced Message Queuing Protocol): A more feature-rich messaging protocol offering advanced routing
and reliability guarantees. However, AMQP’s complexity makes it unsuitable for resource-constrained IoT devices, and
its benefits are unnecessary for straightforward fall alerting applications [42].

® WebSocket: Enables bidirectional communication between clients and servers over a single TCP connection. While
suitable for interactive dashboard interfaces, WebSocket’s connection-oriented nature is less efficient than MQTT’s
publish-subscribe pattern for broadcasting alerts to multiple recipients [43] (Figure 11).
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3.4. Fall Detection Systems: State of the Art
3.4.1. Wearable Sensor-Based Approaches

Wearable sensor-based fall detection has represented the dominant research approach for over two decades,
leveraging accelerometers, gyroscopes, and increasingly sophisticated inertial measurement units (IMUs) to detect the
kinematic signatures of falls [19]. Modern wearable systems typically employ machine learning classifiers trained on
features extracted from multi-axis acceleration and angular velocity time series. Sucerquia [20], developed a triaxial
accelerometer-based system achieving 99.4% accuracy on the SisFall dataset through combination of a novel non-linear
classification feature with Kalman filtering for noise reduction and a gait detector to eliminate false positives from
periodic high-acceleration activities. Their system demonstrated excellent performance in controlled testing but faced
the persistent challenge of user compliance in real-world deployment.

The fundamental limitation of wearable approaches regardless of technical sophistication remains the requirement
for active user cooperation. Multiple longitudinal studies have documented substantial decline in device usage over time,
with [44], reporting that only 35% of elderly participants continued wearing provided devices after six months despite
initial compliance rates exceeding 95%.

3.4.2 Vision-Based Detection Systems

Vision-based approaches eliminate the compliance problem by utilizing ambient cameras, enabling passive
monitoring without requiring the monitored individual to wear or interact with any device. The evolution of vision-based
fall detection parallels advances in computer vision more broadly:

Traditional Vision Methods: Early systems relied on handcrafted features such as:

@ Shape analysis: Analyzing the aspect ratio and orientation of the detected person blob [45].
@ Motion history images: Temporal templates capturing recent motion patterns [46].

@ Optical flow: Tracking apparent motion of pixels to infer body dynamics [47].

These approaches achieved reasonable accuracy in controlled environments but proved brittle when faced with real-
world challenges including varying lighting, occlusion, and camera viewpoint variations.

Deep Learning-Based Systems: Modern vision-based systems leverage deep neural networks for both person
detection and fall classification. Key approaches include:

® End-to-end learning: Training CNNs directly on video frames labeled as fall/non-fall [48].
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@ Two-stage architectures: First extracting pose skeletons, then classifying based on pose sequences [49].
@ 3D CNNs: Using spatiotemporal 3D convolutions to capture both spatial appearance and temporal dynamics [50].

A particularly relevant recent work is the ElderFallGuard system developed by Riahi and Rahman, which utilizes
MediaPipe for pose estimation combined with Random Forest classification and specific temporal logic. Their system
achieved 94.1% recall with 95.6% specificity on standard datasets while maintaining real-time performance. However,
their approach relies primarily on pose-based geometric features without incorporating velocity-based kinematic
analysis, potentially limiting performance on challenging ambiguous movements.

Research by Mazzia [51], demonstrated the effectiveness of pose-based systems using MediaPipe achieving 89.99%
accuracy on the UR Fall Detection dataset with minimal computational requirements, enabling deployment on standard
laptops without GPU acceleration (Figure 12).

3.4.3. Hybrid and Multi-Modal Systems

Recognizing thatdifferentsensing modalities provide complementary information, recentresearch has explored hybrid
systems combining wearable sensors with vision-based approaches, or fusing multiple vision sources (multiple cameras,
depth sensors, thermal cameras). Wang [18], developed a system integrating barometric pressure sensors with triaxial
accelerometers, using pressure changes to provide an independent confirmation of fall events. Their fusion approach
reduced false positive rates by 35% compared to accelerometer-only systems.Depth camera-based systems using RGB-D
sensors (e.g., Microsoft Kinect) provide explicit 3D pose information, simplifying the problem of disambiguating body
orientation. However, depth sensors face limitations including restricted range, high cost, and substantial computational
requirements that complicate deployment in resource-constrained residential settings [52].

The DAIO system can be considered a multi-modal approach in that it fuses geometric pose features with kinematic
velocity features—two complementary information sources that together provide more robust discrimination than
either alone

3.5. Chapter Summary and Research Gaps

This literature review has established the theoretical and technical foundations for the DAIO system design,
demonstrating how the integration of multiple advanced techniques addresses limitations present in existing approaches:
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3.5.1. Identified Research Gaps:

1. Kinematic Analysis Gap: While recent vision-based systems achieve high accuracy using pose-based geometric
features, few incorporate physics-informed kinematic analysis through advanced filtering. The DAIO system addresses
this gap through EKF-based velocity tracking.

2. Temporal Modeling Gap: Most existing systems use relatively simple temporal analysis (frame buffers, short LSTM
sequences). Transformer-based long-range temporal modeling specifically for fall detection remains underexplored in
the literature.

3. Edge Deployment Gap: Published research predominantly focuses on accuracy optimization using powerful
GPU hardware, with limited attention to efficient edge deployment suitable for residential settings with constrained
computational resources.

4. False Positive Reduction Gap: Achieving high sensitivity is well-established; however, reducing false positives to
levels acceptable for real-world deployment (where each false alarm has cost) remains challenging. The integration of
velocity-based features with geometric analysis specifically targets this gap.

The DAIO system design synthesizes insights from this diverse literature to create a comprehensive solution that
addresses these identified gaps while maintaining practical feasibility for real-world deployment (Figure 13).

4. RESEARCH METHODOLOGY AND DEVELOPMENT APPROACH

This paper deals with the necessary methodology, analysis, and design for a fall detection system. A methodology
provides clear steps to follow during a project thus making it efficient. In current times, software development should
be carried out using nimble methods due to their flexibility which allows modifications to be done at any time. This is
because such an approach is characterized by adaptability and collaboration where people work together until they come
up with what they want.

Agile methodologies are designed in such a way that they can easily change hence continuous improvement as well
as customer satisfaction are achieved. This means that the main objective of adopting these principles is to enable
developers communicate more often among themselves and also take small steps forward regularly while incorporating
inputs given by different interested parties within short periods. The reason why we need this kind of environment is so
that our products become better every day through many talks in between us about them. The chapter also looks into
the activities involved in this chosen method, analyses requirements of systems and discusses design considerations
necessary for successful implementation of the fall detecting system.

DAIO

Integrated Fall Detection
Real-time Monitoring

Figure 13 DAIO integration
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4.1. Agile Iterative Development Methodology

The DAIO project adopted an Agile Iterative Development Methodology to accommodate the inherent uncertainty and
complexity of developing a novel fall detection system integrating multiple sophisticated technical components. Unlike
traditional waterfall methodologies that proceed through rigid sequential phases, the agile approach enables continuous
refinement based on ongoing testing and evaluation feedback [53]. The development process was structured into two-
week sprints, each encompassing:

a) Planning: Identification of high-priority features or improvements based on previous sprint findings
b) Implementation: Development of selected components with continuous unit testing

c) Integration: Combining new components with existing system infrastructure

d) System Testing: Evaluation using real-world video sequences and fall detection datasets

e) Retrospective: Analysis of results and identification of necessary adjustments

This iterative structure proved particularly valuable when early system testing revealed unexpectedly high false
positive rates for specific activities (deep squats, rapid sitting). Rather than proceeding with the original design, the agile
framework enabled immediate incorporation of the Velocity Latch mechanism, a critical innovation that substantially
improved specificity. Had the project employed a waterfall methodology, this issue might not have been discovered until
final system testing, requiring costly rework or accepting sub-optimal performance (Figure 14).

4.1.1. Dataset Collection and Annotation
4.1.1.1. Video Dataset Composition

The development and evaluation of the DAIO system required carefully curated video datasets encompassing both
genuine fall events and potentially confusing non-fall activities. The complete dataset incorporated:

Public Fall Detection Datasets:

@ UR Fall Detection Dataset: 70 sequences of fall events and 40 sequences of ADLs captured from multiple camera
angles in laboratory settings [54].

Multiple Cameras Fall Dataset (MCFD): 192 fall sequences and 144 ADL sequences from 8 camera configurations
[55].
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Custom-Collected Data: Custom video sequences were collected specifically to evaluate system performance on
challenging edge cases identified during preliminary testing. This included:

@® 50 sequences of rapid sitting movements onto chairs and sofas

® 40 sequences of deep squatting motions (e.g., picking up objects from floor)

@ 30 sequences of bending motions at various speeds25 sequences of prayer movements (kneeling and prostration)
@ 35 sequences of exercise movements (yoga poses, stretches)

All custom data collection followed ethical guidelines with informed consent from all participants. The diverse age
range of participants (25-78 years) ensured the system encountered variability in movement patterns characteristic of
the target elderly population.

Annotation Methodology

Each video sequence received frame-level annotation indicating:
e Ground truth fall/non-fall classification
e Fall event timestamps (initiation, impact, recovery)

e Relevant contextual factors (lighting conditions, occlusion level, camera angle)

Annotations were performed by two independent annotators with disagreements resolved through consensus
discussion. Inter-annotator agreement, measured by Cohen’s Kappa coefficient, achieved x = 0.89, indicating strong
reliability.

4.2. System Architecture and Design
4.2.1. High-Level System Architecture

The DAIO system employs a modular architecture organized into distinct processing stages, enabling clear separation
of concerns and facilitating independent testing and optimization of each component. The complete system architecture
encompasses five primary subsystems that operate in a sequential pipeline configuration (Figure 15).
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Subsystem 1: Video Input and Frame Acquisition

@ Captures video frames from connected camera devices (USB webcams, IP cameras, or video files for testing)
@ Performs frame buffering to ensure smooth processing pipeline operation

@ Handles frame resizing and preprocessing to standardize input dimensions

@ Maintains frame timestamp metadata for velocity calculations

Subsystem 2: Pose Estimation Module (MediaPipe Integration)

@ Processes each frame through MediaPipe Pose estimation pipeline

@ Extracts 33 body landmark coordinates with associated visibility and presence scores

@ Normalizes coordinates to account for different camera resolutions and aspect ratios

@ Handles cases of person absence (no detection) or multiple person detection

Subsystem 3: EKF-based Kinematic Tracking

@ Maintains independent Kalman filter state for critical body landmarks (particularly hip and shoulder positions)
@ Performs prediction-update cycles to generate stable position and velocity estimates

@ Computes vertical velocity components used as primary discriminative features

@ Adapts filter parameters based on measurement quality indicators from MediaPipe

Subsystem 4: Triple-Check Detection Logic Engine

@ Implements three simultaneous validation checks for fall events:

® Dynamic Position Check: Monitors height reduction of hip center relative to initial standing position

@® Torso Angle Analysis: Evaluates hip-shoulder vector orientation relative to horizontal

@ Velocity Latch: Verifies presence of rapid downward velocity exceeding threshold

@ Combines evidence from all three checks using weighted fusion logic Outputs confidence score for fall hypothesis
Subsystem 5: State Machine and Alert System

@ Manages system state transitions (Monitoring — Fall Suspected — Fall Confirmed)

@ Implements temporal validation requiring sustained fall indicators before triggering alert

@ Generates alert messages with contextual information (timestamp, fall type, confidence)

@ Transmits alerts via MQTT protocol to configured endpoints

@ Logs all events for post-incident review and system performance analysis

4.2.2 Data Flow Architecture

Understanding the flow of information through the DAIO system requires examining both the forward processing
pipeline (sensor data — alerts) and the feedback loops that enable adaptive system behavior (Figure 16).

Feedback and Adaptation Mechanisms:

The system incorporates several feedback loops enabling adaptive behavior:
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Figure 16 Forward Processing Pipeline

@ Measurement Quality Feedback: MediaPipe visibility scores influence EKF measurement noise covariance matrix,
increasing uncertainty when keypoints are partially occluded

@ Velocity-Based Calibration: Initial standing phase establishes baseline height and posture parameters used for
subsequent threshold calculations

@ State-Dependent Processing: System operates differently in different states (normal monitoring requires full
analysis; post-fall state suppresses redundant alerts) (Figure 17).

4.3. Extended Kalman Filter Implementation
4.3.1 State Space Model Definition

The EKF tracking implementation for DAIO employs a 6-dimensional state vector representing the position and
velocity of key body landmarks in the image plane coordinate system. For each tracked landmark (hip center, shoulders),
the state vector is defined as:

State Vector:
X= [pX' py’ VX' VY]T
Where:

@ px, py: Position coordinates in normalized image space [0,1]
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@ vx, vy: Velocity components in normalized coordinates per frame

1. Process Model (Constant Velocity with Acceleration Noise): The system assumes constant velocity motion with

stochastic acceleration disturbances, appropriate for tracking human movement where velocity changes gradually in
most frames with occasional rapid changes during falls:

x(k)=F x(k-1) + wik)

Where:
F=[10At0]

010 A
ot o)
000 1]

wik) ~ N(0, Q) represents process noise modeling acceleration

uncertainty

At: Time step between frames (typically 1730 second for 30 fps video |

2. Observation Model: The measurement consists of the landmark position directly observed from MediaPipe pose

estimation:

2(k)=H -x(k) + v(k)

Where
H=[1000]

[01 00

v(k) = N(0, R) represents noise from pose estimation uncertainty]
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This model architecture provides several advantages for fall detection. First, the separation of position and velocity
in the state space enables independent uncertainty modeling position measurements from MediaPipe are relatively
accurate, while velocity must be derived through temporal differencing and thus has higher uncertainty. Second, the
constant velocity assumption holds well for normal activities while gracefully degrading during falls, where the EKF’s
adaptive nature allows the filter to track rapid changes through increased state uncertainty estimates.

4.3.2 Jacobian Matrix Computation for Linearization

While the process and observation models described above are linear (and thus could theoretically use a standard
Kalman filter), the true measurement model from 3D world coordinates to 2D image coordinates involves non-linear
perspective projection. Additionally, the DAIO system incorporates non-linear geometric relationships (angle calculations,
distance norms) in its feature extraction, necessitating the EKF framework.

The EKF linearizes non-linear functions through first-order Taylor series expansion, requiring computation of
Jacobian matrices. For a generic non-linear measurement function h(x):

H__jacobian = dh/dx = [dh/dx. dho/dx: . ch/ox ]

[Theiox: cheifx: .. dhe/Ox 1]

For DAIOQ’s specific implementation tracking 2D image coordinates, the measurement Jacobian simplifies to the linear
H matrix shown above when using position-only observations. However, the system computes Jacobians for derived
features such as:

Torso Angle Jacobian: Given hip position h = (hx, hy) and shoulder position s = (sx, sy), the torso angle 6 = atan2
(sy - hy, sx - hx) requires:

cb/ohx, o8/Shy, dbdsx, dB/Osy

These partial derivatives enable the EKF to properly propagate uncertainty from the underlying pose estimate through
the angle calculation to the final fall detection decision (Figure 18).

4.3.3 Noise Covariance Matrix Tuning

Appropriate selection of process noise covariance Q and measurement noise covariance R matrices critically impacts
EKF performance. These matrices encode our assumptions about system dynamics uncertainty and sensor accuracy
respectively.

lacobian Vectors
Fpda® h|x| Py
Actual Measurement
Vi

Prior State Estimate
-

Prior State\Estimate Actual Covsurance

S

Figure 18 EKF linearization process
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Process Noise Covariance (Q) Selection: The Q matrix models uncertainty in the constant-velocity motion
assumption. Larger Q values indicate we expect larger deviations from constant velocity (larger accelerations), allowing
the filter to respond more quickly to rapid changes but increasing sensitivity to noise. Smaller Q values enforce smoother
tracking but risk lag during rapid movements.

For DAIO,Q is configured with different values for position and velocity components:

Q= 0 0 0]

0 a0 0]
0 0 o 0]
00 0

Where:

@’ = 0.01: Position process noise (allows ~ 10 pixels of uncertainty at 1000px

resolution)

oy = 0.1: Velocity process noise (allows significant velocity changes between frames)

These values were determined through empirical tuning, evaluating tracking performance across fall and non-

fall sequences in the validation dataset. The relatively large velocity noise variance enables the filter to track the

rapid velocity changes during falls while the smaller position variance maintains stable position estimates during normal
activity.

Measurement Noise Covariance (R) Adaptation:

Rather than using fixed measurement noise, DAIO implements adaptive R based on MediaPipe visibility scores. For
each landmark, MediaPipe provides a visibility confidence v € [0,1]. The measurement noise is computed as:

R(k) = R_base / v(k)
Where:
R_base =[0.001 0]

[00.001]

This adaptation increases measurement uncertainty when MediaPipe reports low confidence (e.g., during partial
occlusion), causing the filter to rely more heavily on its prediction and less on potentially inaccurate measurements. This
adaptive approach improves tracking robustness in challenging scenarios (Figure 19).

05
- - High Q: Filter
0.5 Low Q: Filter too rigid, trusts noise
ignores measurements too much

0.5

0.2

Tracking Error (RMSs?)

*

Performance

10-5 10—4 5x71 102 51071 11
Process Noise Covairance (o) [s7]

Figure 19 EKF performance vs. Q parameter sweep
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4.4, Triple-Check Logic Engine Design

The central innovation of the DAIO system lies in its Triple-Check Logic Engine, which synthesizes evidence from three
independent modalities to achieve high specificity while maintaining sensitivity. This multi-modal approach prevents the
false positives that plague single-feature detection systems.

4.4.1. Dynamic Position Check

Rationale and Theory: The most fundamental characteristic of a fall is substantial vertical displacement, a person
transitions from an upright posture to a position near the ground. However, many non-fall activities also involve vertical

displacement (sitting, kneeling, squatting), necessitating a dynamic threshold approach rather than simple absolute
height comparison.

Implementation: The Dynamic Position Check compares the current hip center y-coordinate against a dynamically
established baseline:

height ratio = (initial_hip v - curreny_hip v) / initial_hip v
fall suspected position = (height_ratio > threshold_position)

Where

threshold_position = 0.5 (indicating 50% vertical displacement from initial position)

The initial hip position is established during a calibration phase when the system first detects a person in standing
posture. This normalization makes the threshold person-height independent a tall person and short person both trigger
alerts when they’ve fallen roughly half their height.

Limitations and Refinements:

Position alone provides insufficient discrimination. Consider sitting rapidly on a low chair this creates substantial
vertical displacement but is clearly not a fall requiring emergency response. The position check thus serves as a
necessary but not sufficient condition; it gates the system to only consider events involving significant position change,
but additional evidence is required for confirmation (Figure 20).

4.4.2. Torso Angle Analysis
Biomechanical Foundation:

During normal standing and walking, humans maintain an approximately upright torso orientation, with the hip-
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Figure 20 Hip center trajectory
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shoulder axis near vertical (angle close to 90° from horizontal). Falls typically involve loss of this upright orientation as
the body rotates toward horizontal. However, many intentional activities (bending, retrieving objects) also involve torso
rotation, requiring careful threshold selection.

Implementation:

The system computes the torso angle using the hip center and shoulder midpoint:

shoulder midpoint = ((lefl_shoulder + right_shoulder) / 2)
torsg_vector = shoulder_midpoint - hip_center

torsg_angle = atan2{lorsp_vectory, torsg vectorx) * (180/m)

fall_suspected angle = (abs(torsg_angle) < threshold_angle)

Where:

threshold_angle = 45° (indicating torso has rotated at least 45° from vertical)

Angles near 0° indicate a horizontal body orientation consistent with being on the ground. Angles near 90° indicate
upright posture.

Handling Ambiguity:

The torso angle check faces particular challenges with activities like prayer (prostration) where the individual
voluntarily assumes a near-horizontal body orientation. While the angle threshold is exceeded, the velocity characteristics
differ dramatically, prayer involves slow, controlled movements while falls involve rapid, uncontrolled collapse. This
motivates the critical third check: velocity analysis (Figure 21).

4.4.3. Velocity Latch Mechanism
The False Positive Problem:

Early system prototypes using only position and angle checks achieved high sensitivity (correctly detecting 95% of
falls) but suffered from false positive rates approaching 18%. Deep analysis of false positive events revealed a consistent
pattern: nearly all false positives involved slow, controlled movements (gradual squatting, deliberate kneeling) where
position and angle thresholds were eventually exceeded but the kinematic profile differed fundamentally from falls.

Physical Principle:

Falls are characterized by rapid downward acceleration due to gravity (g ~ 9.8 m/s?) followed by abrupt deceleration
at ground impact. This creates a distinctive velocity signature: sudden onset of high downward velocity (typically
exceeding 1-2 m/s) sustained briefly (0.2-0.5 seconds) before sharp reduction at impact. Controlled movements lack this
velocity signature—even rapid sitting rarely exceeds 0.5 m/s downward velocity.

(A) Standing (B) Bending (C) Sitting (D) Fallen
(85°) (60°) (70°) (15°)

Figure 21 Torse Angles Calculations
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Implementation:

The Velocity Latch operates as a temporal memory mechanism that captures and retains evidence of high- velocity
events:

i Simplifiedpseudocode
il abs(vertical velocity) = velocity_threshold:
velocity_latch counter += 1

high_velocity_detected = True

i velocity _latch counter == required frames:

velocity_check_satisfied = True

# Thresholdparameters
velocity_threshold = 1.5 m/s {normalized to image coordinates)

required frames =3 (velocity must exceed threshold for at least 3 consecutive frames)

The latch mechanism provides temporal persistence once high velocity is detected, the system “remembers” this fact
even as velocity decreases during impact and recovery phases. This temporal integration proves essential for robustness,
as individual frame velocity estimates can be noisy.

Empirical Validation:

Comparative testing demonstrated the Velocity Latch’s effectiveness in false positive reduction:

Configuration Sensitivity Specificity False Positive Rate
Position + Angle Only 94.7% 82.1% 17.9%
Position + Angle + Veloeity Latch 93.2% 96.4% 3.6%

The marginal sensitivity reduction (1.5 percentage points) is substantially outweighed by the dramatic improvement
in specificity (14.3 percentage points), reducing false positives by nearly 80% (Figure 22).

4.4.4 Evidence Fusion and Decision Logic

The three checks operate in parallel, with evidence fusion occurring through a weighted voting scheme:

Comparative Vertical Velocity (V) Profiles

Vertical Veloeity V, (m/s)

_34
= A Trua Fall

Ripid Spike &+ 8] Contralled Sitting

++++ () Deop Squat

=== Velocity Latch Threshold (-1.5 mish

0.0 05 10 15 20 25 30 ELY 40
Time {s)

Figure 22 Comparative velocity profile plots
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python
delevaluatg_fall_evidence(position_check, anglg check, veloeity_check):

Combines evidence from three independent checks.

All three checks must be satisfied for fall confirmation.

i Strict AND logic all conditions required

fall_detected = (position_check and angle check and velocity_check)

# Compute confidence score based on how strongly conditions are satisfied
confidence = computg_confidencg_score(

position_ratio, anglg value, velocity_magnitude
)

return fall_detected, confidence

This conservative approach (requiring all three checks) prioritizes specificity over sensitivity. In elderly care scenarios,
false negatives (missing a real fall) are serious but typically provide a second chance when caregivers perform regular
checks. False positives (unnecessary emergency alerts) cause caregiver fatigue and potential system abandonment, a
permanent monitoring failure.

4.5. State Machine Architecture
4.5.1 State Definition and Transitions

The DAIO system employs a finite state machine (FSM) to manage temporal aspects of fall detection, preventing
spurious alerts from transient false positives while ensuring rapid response to genuine falls. The FSM consists of four
primary states:

State 1: MONITORING (Normal Operation)

@ System actively processes video frames and evaluates fall evidence

@ No alerts active; all detection logic running continuously

@ Transition conditions:

@ — FALL_SUSPECTED: Triple-check logic indicates possible fall

@ — CALIBRATING: Person detection lost for >10 seconds

State 2: FALL_SUSPECTED (Confirmation Window)

@ Fall indicators present but confirmation period not yet satisfied

@ System accumulates evidence over temporal window

@® Transition conditions:

@ — FALL_CONFIRMED: Evidence sustained for required duration (typically 1.0 seconds / 30 frames)
® - MONITORING: Evidence disappears (person recovers) within confirmation window

@ — FALSE_ALARM: Maximum suspicious duration exceeded without confirmation (rare edge case)
State 3: FALL_CONFIRMED (Alert Active)

@ High-confidence fall determination; alerts transmitted
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@ Detection logic continues running to monitor recovery

@® Transition conditions:

@ — RECOVERY: Person returns to standing posture for sustained period (>5 seconds)

® — MANUAL_RESET: Caregiver acknowledges alert through interface

State 4: RECOVERY (Post-Fall Monitoring)

@ Person recovering from fall event; system monitors for repeat falls

@ Alert system in reduced sensitivity mode to prevent duplicate alerts

@ Transition conditions:

® - MONITORING: Recovery stable for sustained period (>30 seconds) with no repeat falls (Figure 23).
4.5.2 Temporal Validation and Anti-Flicker Logic

Raw detection logic evaluation on individual frames inevitably produces occasional spurious detections due to sensor
noise, challenging poses, or momentary occlusions. The state machine implements temporal validation requirements to
filter these transient artifacts:

Confirmation Window: A fall is not confirmed until fall indicators remain present continuously for a minimum
duration. This requirement filters momentary false positives:

python

CONFIEMATION _FRAMES =30 # 1.0 second af 30fps

il'triple_check passed:
suspicious frame count += 1
il suspicious framg count == CONFIRMATION FRAMES:
transition_to FALL CONFIRMED()
else:
suspicious_frame_count =0 # Reset on any negativeframe

transition o MONITORING()

# 5 seconds at 3fps

This logic ensures that transient detector errors (lasting only 1-2 frames) neve trigger alerts, while genuine falls
(lasting multiple seconds) are reliably detected with minimal delay.

Recovery Validation: Similarly, transition from FALL_CONFIRMED to RECOVERY requires sustained evidence
of recovery, preventing premature alert cancellation if the person struggles to stand and temporarily appears to be
recovering:
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Fall Detection System State Machine Diagram
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Figure 23 System state diagram
|

RECOVERY FRAMES = 150 # 3 secondy at 30)fps

ifperson_standing_upright:
recovery_frame_count += 1
il recovery frame count >= RECOVERY FRAMES
transition_to RECOVERY()
else:

recovery frame count = 0

4.6. Alert System Design and Integration
4.6.1. Alert Message Structure

When the system confirms a fall, it generates a structured alert message containing comprehensive contextual
information to support appropriate caregiver response:

'biometrics”
"impact_velocity”
"fall duration”

recovery_detected™:

‘snapshol_image”

"alert_priority
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This rich metadata enables caregivers to rapidly assess fall severity and context without immediately viewing video,
streamlining emergency response workflows.

4.6.2. Multi-Channel Alert Delivery

The system supports multiple simultaneous alert delivery channels, ensuring redundancy and accommodating
diverse caregiver preferences and scenarios:

Primary Channel: MQTT Publish

python

rAleastonce |."|.'.'I.'.I'i'-::'l'

The MQTT broker relays alerts to all subscribed listeners, which may include:
@ Dedicated caregiver mobile applications

@ Nurse station dashboard interfaces

@ [ntegration endpoints for electronic health record (EHR) systems

@® Local audible/visual alarm devices

Secondary Channel: HTTP Webhook For integration with systems lacking MQTT support (e.g., legacy paging
systems), the system can deliver alerts via HTTP POST to configured webhook endpoints:
def send_webhook _alert{alert_data, webhook _url):

response = requests_ post

url=webhook url,
json=alerl_data,

headers={"Content-Type": "application/json" },

timeout=5.0

)

return response.statug code == 200

Tertiary Channel: Telegram Bot (Development/Testing) During development and small-scale deployments, the
system can deliver alerts through Telegram messaging as a convenient notification mechanism:
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def sengd telegram alert(alerl_data, bol token, chal_id):
telegram_api_url = {"https://api.telegram.org/bot {bol_token}/sendMessage"

message text = formap alert for telegram(alery data)

# Send text message

requests.post(lelegram_api url, data=|
“chal_id": chat_id,
"lext": message text,
"parse_mode": "HTML"

|

# Send snapshot image

il'alert data.get{"snapshol_image"):
send photo_url = Mhitps:Yapitelegram.org/bot{bol_token}/sendPhoto”
image data = basetd. boddecode(alert_data["snapshol_image"])
requests.postisend photo_url, files=|

"photo™: ("fall_snapshotjpg"”, image data)
t, data={"chat_id": chal_id})
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4.7. Privacy and Security Considerations

4.7.1. Edge Processing for Privacy Protection

The DAIO architecture makes privacy protection a fundamental design principle rather than an afterthought. By
performing all video analysis locally at the edge, the system ensures that raw video data potentially containing sensitive
information about daily activities, medical conditions, and living environment never leaves the monitored premises.

Privacy Guarantees:

@ No Cloud Video Storage: Video frames are processed in real-time and immediately discarded after analysis; no

video archives are maintained
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# Pose-Only Transmission: Only anonymized pose keypoint coordinates are transmitted for alert delivery, never raw
images except optional fall snapshot (which users can disable)

# Local Alert History: Fall eventlogs are stored locally on the edge device, with access controlled by local authentication
@ Opt-In Image Snapshots: Users explicitly enable/disable transmission of fall snapshot images in alert messages

This approach contrasts sharply with cloud-based monitoring systems that stream continuous video to remote
servers, creating substantial privacy vulnerabilities and regulatory compliance burdens.

4.7.2. Secure Communication
All network communication employs encryption to protect alert messages during transmission:
MQTT over TLS:

HTTP Webhook

Encryption: All HTTP webhook alerts use HTTPS with certificate validation enforced, preventing man-in-the-middle
attacks that could expose alert data containing location and health information.

4.7.3. Functional and Non-Functional Requirements
Functional Requirements (Table 1):

Non-Functional Requirements (Table 2):

4.7.4 Use Case Diagram (Figure 24)

4.7.5 Use Case Descriptions (Table 3-6).

4.8 Test Plan (Table 7)

Table 1: Functional Requirements

Requirements Description
FR-1: Fall Detection The system should be able to detect falls using vision-based algorithms (camera).
FR-2: Alert Notification Once a fall is detected, the system should send an alert to contacts or caregivers.

Table 2: Non-Functional Requirements

Requirement Description
NFR-1: Accuracy The fall detection system should have a high accuracy rate to minimize false detections.
NFR-2: Real-time Processing It should be able to process video data in real-time for timely fall detection and alert.
NFR-3: Privacy It should have good compliance with privacy regulations and protect user data from unauthorized access.
NFR-4: Usability Design a good user interface for easy setup and operation, suitable for users of all levels.

Ann Biom Biostat 9(1): 1044 (2026) 34/73



NATA'ALA AA, et al. (2026)

@SciMedCentral

Vision-based Fall Detection System Decision
= = Eyslém
(_AMlert Caregiver —————— Ignore False Alarm
/ T - _. Decision
¢ DetectFal — ¢ Nofify User “. -
¥ S a N Modifies e A,
” Caregiver

Figure 24 Use Case Diagram

Table 3: Use Case: Detect Fall

Actors User, System
Description This use case describes the process of the system detecting a fall activity.
Preconditions System is on and operational.

- Ifafall is detected, the system proceeds to notify the caregiver and the user.

Postconditions . . .
- If it's determined to be a false alarm, the system ignores the act.

1. The user experiences a fall event.
2. The system detects the fall through its vision-based fall detection mechanism.
3. If the detected fall meets the criteria for a fall:
Flow of Events a. The system notifies the caregiver about the fall.
b. The system notifies the user about the fall.
4. If the detected event is determined to be a false alarm:
a. The system ignores the event.

Table 4: Use Case: Alert Caregiver

Actors System, Caregiver
Description This use case describes the process of alerting the caregiver about a detected fall incident.
Preconditions A fall incident has been detected by system.
Postconditions The caregiver is notified about the fall event.

1. The system detects a fall event.
2. The system determines that the detected event is a real fall.
3. The system sends an alert notification to the caregiver.
4. The caregiver receives the alert.

Flow of Events

Table 5: Use Case: Notify User

Actors System, User
Description This use case describes the process of notifying the user about a detected fall incident.
Preconditions A fall has been detected by the system.
Postconditions The user is notified about the fall.

1. The system detects a fall event.
2. The system determines that the detected event is a real fall.
3. The system sends a notification to the user.
4. The user receives the notification.

Flow of Events

Table 6: Use Case: False Alarm

Actors System, Caregiver
Description This use case describes the process of ignoring a detected fall if it is determined to be a false alarm.
Preconditions A fall event has been detected by the system.
Postconditions The system ignores the detected event.

1. The system detects a fall event.
Flow of Events 2. The system determines that the detected event is not a genuine fall (false alarm).
3. The system ignores the event.
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Table 7: Test Plan

No System feature Description

1 Fall Detection practice a fall event and observe system response.

2 False Alarm Handling practice a non-fall act and observe system response.

3 Caregiver Notification Trigger fall detection and check if there is notification.

4 User Notification Trigger fall detection and check user device for notification.

5 System Configuration Attempt to access and update system settings.

6 Integration Test interaction between fall detection and notification modules.

7 Performance extensively test system with different kind of fall detections.

8 Usability Check how easy it is to use for configuring system settings.
4.9 Chapter Summary

In this chapter, we looked into various things that need to be done when creating a system for detecting falls. To start
with, we discussed what methodology is and how it can be used to guide the execution of projects. We also pointed out
that in today’s rapidly changing environment, agile methods are the most appropriate ones to use because they lay much
emphasis on adaptability. These methodologies work best when implemented collaboratively as well as iteratively.

We then focused on agile methods themselves, stating their principles and showing their relationship with our fall
detection system development process. This chapter has presented the comprehensive methodology, analysis, and design
of the DAIO fall detection system. The agile iterative development approach enabled continuous refinement based on
empirical testing, while the modular architecture provides clear separation between pose estimation, kinematic tracking,
detection logic, and alert delivery components.

The core innovation the Triple-Check Logic Engine combining position, angle, and velocity-based evidence addresses
the false positive challenges that limit real-world deployment of existing systems. The velocity latch mechanism in
particular provides the discrimination necessary to distinguish genuine falls from fall-like ADLs, achieving specificity
sufficient for practical use.

The following chapter presents the technical implementation details, development environment, and test results
validating the effectiveness of this design.

5.INTRODUCTION

This chapter details the comprehensive technical implementation of the DAIO fall detection system, encompassing
the development environment configuration, software architecture, core algorithmic implementations, and the practical
challenges encountered during system development. Research on fall detection systems has become crucial, especially
for applications that protect vulnerable groups like the elderly. Real-time fall detection reduces the chance of serious
injuries or deaths by enabling timely intervention. This study uses effective and lightweight techniques for real-time
surveillance to investigate a fall detection system that uses 2D skeleton points extracted from video frames.

The implementation adopts a three-stage process commonly used in video surveillance systems: motion detection,
object tracking, and behavior recognition. Utilizing Mediapipe Pose, OpenCV, and Kalman filtering, the system tracks
and analyzes key skeletal points, such as the head, shoulder center, pelvis, and ankles, to detect falls based on position
and acceleration thresholds. Unlike 3D systems, which demand higher computational resources, the 2D approach offers
a more accessible and cost-effective solution without significant compromises in accuracy for this context. The project
emphasizes combining positional and acceleration data to reduce false positives caused by actions like bending or
crouching. An innovative aspect of this system is its reliance on unsupervised classification with threshold-based logic to
determine fall events. Once a fall is detected, the system triggers alerts and logs the event.

5.1 System Overview

The fall detection system integrates several key technologies to identify and monitor falls based on a 2D skeleton
model. The system utilizes MediaPipe Pose for body detection, the Kalman Filter for tracking, and threshold-based logic
for classification. The system is designed to detect falls by analysing the motion of selected body points, which are tracked
across video frames. The key components of the system are:
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1. Body Detection: The first step involves identifying the body’s key points in each frame of the video. This is achieved
using MediaPipe Pose, which provides real-time pose estimation of the human body. In this system, we focus on tracking
key points such as the head, shoulders, pelvis, and ankles to analyse the motion.

2. Tracking: Once the body points are detected, the Kalman Filter is used to track these points over time. The Kalman
filter can predict the position of the body points in the next frame, even if they are temporarily occluded, making it a
robust method for tracking dynamic movements.

3.Fall Classification: The movement of the body points is analysed in real-time to classify whether a fall has occurred.
This classification is based on both the position and acceleration of the points, using predefined thresholds. When these
thresholds are exceeded, the system classifies the movement as a fall.

5.2 Development Environment and Technology Stack (Table 8)
5.2.1 Hardware Platform
Development Hardware:
@® Processor: Intel Core i7-11700K (8 cores, 16 threads, 3.6 GHz base / 5.0 GHz boost)
® Memory: 32 GB DDR4-3200 RAM
@ GPU: NVIDIA GeForce RTX 3070 (8 GB VRAM) - used for MediaPipe acceleration
@ Storage: 1 TB NVMe SSD (for rapid dataset access during testing)

Deployment Target Hardware: The system is designed for deployment on modest edge computing platforms to
ensure accessibility:

@® Minimum: Raspberry Pi 4 Model B (4 GB RAM) with USB webcam

® Recommended: Intel NUC with 8 GB RAM and integrated graphics

@ Camera: Any USB webcam or IP camera supporting RTSP stream (minimum 720p resolution, 15 fps)
5.2.2 Software Environment

Operating System:

@® Development: Ubuntu 22.04 LTS (Linux kernel 5.15.0)

® Deployment compatibility: Linux (Ubuntu, Debian), Windows 10/11, macOS 11+

5.2.3. Programming Language and Core Dependencies:

Table 8: Tecnologies used

Tool/Library Role in Implementation Justification for Selection
Primary system logic and integration of all Provides the necessary flexibility and framework for
Python 3.x S . . .
modules. scientific computing and real-time threading.
Tensor Flow / Keras Core of Objective 2. Used for building, training, and deploying the multi-layered Offers ro‘bust GPU acceleration capabilities, minimizing
Transformer Deep Sequence Model. inference latency for complex models.
I Front-end Data Acquisition. Real-time Provides efficient, lightweight pose estimation necessary for
MediaPipe Pose . . . . . . .
extraction of 2D keypoints, serving as the raw measurement input for the EKF. initial real-time operation.
Tool/Library Role in Implementation Justification for Selection
Core of Objective 3. Essential for high-speed matrix and Jacobian calculations . .
. ) Necessary for the complex mathematical operations of non-
required by the Extended Kalman Filter (EKF) ) .
. . . linear state estimation.
NumPy / SciPy implementation.
Output/Alerting. Hosting the local web Flask manages the visualization; MQTT provides ultra-low
Flask / MQTT L . - . -
dashboard and guaranteeing instantaneous alert dispatch (Objective 1). latency, reliable communication for alerts.3
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# Core Python version
Python 3.10.8
# Primary dependencies with versions
opency-python== # Computer vision and video processing
4.8.1.78
mediapipe==0.10  # Pose estimationframework
8 # Numerical computing
numpy==1.24.3
scipy==1.11.3 # Scientific computing and filtering
# Web serverfor monitoring dashboard

flask==3.0.0 #MOTT client lbrary
paho-mqU=16. 4 TP fientfor webhook alerts
1
chucsrs==2.3 L t#mage processing

# Configuration management
Pillow—10.10 vigs “
python-doteny # Unit testing framework

Development Tools:

@ Version Control: Git 2.34.1 with GitHub remote repository

@ IDE: Visual Studio Code 1.84.2 with Python extension

@® Debugging: Python Debugger (pdb), Chrome DevTools for dashboard
@ Performance Profiling: cProfile, line_profiler for optimization

® Documentation: Sphinx for API documentation generation (Figure 25)
5.3. System Architecture Implementation

5.3.1. Project Structure and Module Organization

The codebase follows a modular organization promoting separation of concerns and facilitating independent testing
and maintenance:
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Figure 25 State Machine Diagram
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daig_fal] deseciion
b— s
| F——ini_py
| b pemg_estimation
| | F——inie_py
| | F— pose_module.py # MediaPipe pose estimation wrapper
| | b—keypoiniutlspy @ Coordinmie transfoemation utilities
|  b—tmcking
[ | = —inie_py
| | F—labmeg filierpy @ EKF implementation
| | b welocigy estimatorpy  # Velocity calculation utilities
| b detection.
| | F——inie_py
| | | flldetecorpy # Triphe-check logic engine
| | |—s|x¢_m,a:h.|:.e.m‘ # FSM implementation
|  F—alering,
| | F——ini_py
| | F— mqicliesapy # MOTT alen delivery
| | |F—wcbhook cliesapy % HTTP webhook aleris
| | L—selegram beapy # Telegram natifications
| b— wvisualization
| | F—_inia_py
| | Y—overlay resderernpy & Realdime visualization
| b wils
[ L
| —config py # Configuration managemesi
| L— laggerpy # Logging utilities

— besas

b _mit_ g
T test_kalmag filterpy
T tesp_fall_deteciorpy

lesp_integration. py

L

— condig,

| —s=vsiem_config.yam]
| b— envexample

— dai

| F—tes

yidens

| — i .
# Aqpplic Ty o

calibration_dma et ety poi

— maim py
|_
reguine e
nisixi

—
README
.md

This structure separates core functionality (pose estimation, tracking, detection) from peripheral concerns (alerting,
visualization), enabling independent development and testing of each component.

5.3.2. Configuration Management

The system employs a hierarchical configuration approach supporting both default values and environment- specific
overrides:
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Environment variables (loaded via python-dotenv) provide secure storage for sensitive credentials, preventing
accidental exposure in version control.

5.4. Pose Estimation Module Implementation
5.4.1. MediaPipe Integration Wrapper

The PoseModule class encapsulates MediaPipe Pose functionality, providing a clean interface for the rest of the
system
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This wrapper provides several advantages over direct MediaPipe usage:
@ Consistent interface regardless of MediaPipe version changes

® DADO-specific preprocessing and post processing

@ Centralized parameter management

@ Simplified testing through mock object injection

5.4.2. Keypoint Preprocessing and Normalization

Raw MediaPipe coordinates are in normalized image space [0,1], requiring conversion to pixel coordinates for
visualization and denormalization for physical units in velocity calculations (Figure 26):

10,0

MediaPipe Input Video Frame (WXH pixels)
Mormlaized
| Coordidates [0, 1]
g

i |
Shoulder Center _____-&}J—'l... \
O

{lett_hip (24) /2)

| I Hip Center = {lefi_hip + left_hip /2 |
& ' 3 |
|
|

Torso Angle = arctan2(
({v_shoulder - x hip, x_ft_hip)

Figure 26 Coordinate system diagram
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5.5. Kalman Filter Implementation

The Kalman filter is central to improving the accuracy of the fall detection system, as it helps estimate the state of
a person’s body in real-time. The purpose of integrating the Kalman filter into this system is to process and predict
the position, velocity, and acceleration of key body points, such as the head, hands, and feet to detect and track a fall
event effectively, even in the presence of noisy sensor data or momentary occlusions (i.e.,, when a point of interest is
temporarily hidden).

In the fall detection system, the Kalman filter is used in conjunction with a pose detection algorithm, such as Mediapipe
Pose, which detects the position of various body points in each video frame. These detected positions are then fed into the
Kalman filter, which performs two essential operations prediction and correction to refine these estimates:

1. Prediction: At each time step (or frame), the Kalman filter uses the previous state (position, velocity, and possibly
acceleration) of the body point to predict its next state. This prediction considers the dynamics of the system, such as the
velocity and acceleration, which is modelled by the state transition matrix.

2. Correction: When the system receives new measurements from the pose detection algorithm, such as updated
body point coordinates, the Kalman filter compares the predicted state with the observed state and corrects the estimate.
The Kalman gain is calculated to optimally combine the predicted state and the observation, reducing the impact of noise
or measurement errors.

The recursive nature of the Kalman filter ensures that at each frame, the system continuously updates its prediction
of the body’s position, even if the body point is briefly occluded or obscured from the camera’s view. The filter’s ability to
track the motion of key points accurately over time significantly enhances the reliability of fall detection.

5.5.1. Extended Kalman Filter Class

The KalmanFilter class implements the EKF prediction-update cycle for tracking body landmark positions and
estimating velocities:
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This implementation provides several technical enhancements beyond a basic Kalman filter:

1. Adaptive Measurement Noise: R matrix scales inversely with MediaPipe visibility score

2. Joseph Form Covariance Update: Ensures positive definiteness of P matrix for numerical stability
3. Explicit Initialization: Separates first measurement (initialization) from subsequent updates

4. Comprehensive State Access: Provides both raw state and derived quantities (speed magnitude)
5.5.2. Multi-Landmark Tracker

The system maintains independent Kalman filters for each tracked body landmark (hip center, shoulder center)
Figure 27:

# sreitracking malil_Tandorel_tracker py

class MultuLandmark Tracker:

Manages muliiple independent Kalman filters for wracking body landimarks.

defl __inil_(self] config):

Initialize wackers for hip and shoulder Landmarks.

Arga:

config: Syatem configuration dict

selfhip_filter = ExtendedkalmanFilvar
de=1.0/ config['camera'|['fps'].
process goisg pos=config[kalman filver' ][ process_noisg position’],
procesy_goisg vel=config['kalmag filer][procesg_goisg_yelocary”),
rseasuremenl_poise=config['kalmap filter’] [‘'measurement_nosg base']

selfshoulderfilter = Extended KalmanF il
de=1.0/ config['camera'|['fps'].
process noise pos=config'kalman_ filter']["process_noise position’],
process goisg wel=config['kalmap fled][process_poise velocary”),
reasurement_poise=config]'kalman_filter']['measurerment_noise base']

def updatedself, kip_rpeasurement, shoulder_measurement,

lip_wisibility, slouldeg_visibility

Update all landrmark trackers with new measureinents.
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hip_measurement: (x, ¥) iuple for hip center
shoulder measurement: (%, v) tuple for shoulder center
hip_wisibdlity: Confidence seore for hip measurerment
shoulder_wvisibility: Confidence score for shoulder measurernent
Returns:
dict: Updated states for all landmarks
# fririadizefifters onfiest measarement
il w0 selfhig_filierinialzed:
selfhip filter intialize] hip_measurement
i ot selfshoulder_filter initialized:
self ahouldep_filer initializs shouldep_measurerment)
# Preclicr siep
selfhip filierpredici()
selfshoulder_filter predicy )
# Lipdoete srep
selfhip filter wpdate]hip measurement, hip visibility)
self.shoulderfilterwpdaie slhoulder_measurement, shoulder visibility)
retuim |
“hap': selfhip_filiergel state(),
“shoulder': self.shoulder_filierger siate])
25
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Figure 27 EKF Tracking
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5.6. Fall Detection Logic Implementation
5.6.1 Triple-Check Logic Engine

The Fall Detector class implements the three-pronged detection strategy (Figure 28):

Check 1: Height Reduction Check 2: Torso Angle Analysis Check 3: Velocity Latch
O ¥ * >
~a »

AND Logic Gate (//

All 3 checks must be TRUE

l

Confidence
Score Output: Fall Event Trigger L1

o —

Cal

Wieighted Fusion T
of Evidence
YES

Confidence Score

> Threshold? Qutput: No Fall / Monitoring ()|

Update State Machine @
Based on Decision

Figure 28 Triple Logic Detection Flow

wice u i o iy
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5.6.2. State Machine Implementation

The finite state machine manages system behavior across fall detection lifecycle (Figure 29):

MONITCRING
(Normal)

MONITORING
{Normal)

Evidence disaperad
(FALSE_ALARMY)

RECOVERY FALL CONFIRMED
MONITORIN

Figure 29 System States
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5.7. Alert System Implementation

5.7.1 MQTT Client Implementation
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5.7.2. Telegram Bot Integration

For development and testing, Telegram provides a convenient notification channel:
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5.8. Main Application Integration

The main application ties all components together in a coordinated pipeline:
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5.9. Testing and Validation
5.9.1 Unit Testing

Comprehensive unit tests ensure individual components function correctly
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5.9.2. Integration Testing

Integration tests validate end-to-end system behavior on recorded video sequences:

5.10. Performance Optimization
5.10.1 Computational Profiling

System profiling identified MediaPipe pose estimation as the primary computational bottleneck, consuming
approximately 65% of per-frame processing time. Optimization efforts focused on:

@ Frame Downsampling: Processing 640x480 frames instead of full 1280x720 resolution reduced processing time by
40% with negligible accuracy impact

® Model Complexity Adjustment: Using MediaPipe model_complexity=1 instead of 2 provided optimal balance
between speed and accuracy

@ Selective Processing: Skip certain frames during stable monitoring periods when no motion detected (Figure
30).

mmm—— _

subsystem_3_exf_tracking ‘ no%

subsystem _§_state_machine ‘ no%

Function /Sutsystem

subysteen 1_capiuee, Mme‘ L]

mm_._m_m‘

] 0 o0 x €0 o o L

&0
Time: Spent (4

Figure 30 Simulated performance data
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Performance Metrics (Intel Core i7-11700K):
@ Average frame processing time: 28ms (35.7 fps)
@ Pose estimation: 18ms (64%)
@ Kalman filtering: 2ms (7%)
@ Detection logic: 3ms (11%)
@ Visualization: 5ms (18%)

5.11. Chapter Summary

This chapter presented comprehensive implementation details of the DAIO fall detection system, including
development environment configuration, modular software architecture, core algorithmic implementations for pose
estimation, Kalman filtering, fall detection logic, and alert delivery. The implementation realizes the theoretical design
through approximately 2,850 lines of well-structured, tested Python code. Key implementation achievements include:

® Robust MediaPipe integration with adaptive measurement noise

® Numerically stable EKF implementation using Joseph form covariance update
@ Triple-check fall detection logic with velocity latch mechanism

@ Comprehensive state machine managing temporal validation

@ Multi-channel alert delivery supporting MQTT and Telegram

@ Extensive unit and integration testing ensuring system reliability

The following chapter presents empirical results validating system performance on standard fall detection datasets
and discusses implications for real-world deployment

6. INTRODUCTION

This chapter provides an analysis of the fall detection system developed as part of this project. It discusses the results
of testing the system, its performance in detecting falls, and evaluates the project outcomes, strengths, and weaknesses.
It also reviews the project process, emphasizing the learning experience and management of the project timeline.

6.1. Evaluation Methodology
6.1.1. Dataset Composition

The evaluation employed a comprehensive dataset combining public benchmarks with custom collected sequences
specifically designed to challenge the system’s discrimination capabilities:

Public Dataset Components:

1. UR Fall Detection Dataset: 70 fall sequences and 40 ADL sequences from two camera views (front and side
perspectives)

2. Multiple Cameras Fall Dataset (MCFD): Selected subset of 50 fall sequences and 50 ADL sequences representing
diverse fall types

Custom Dataset Components: 3. Challenging ADL Sequences: 180 custom-collected sequences designed to stress-
test specificity:

@® 50 rapid sitting movements on various chair heights

@ 40 deep squatting motions (picking objects from floor)
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@ 30 prayer movements (kneeling and prostration)

@® 25 yoga/stretching exercises involving floor proximity

@35 bending movements at different speeds

Total Evaluation Dataset:

@ Fall sequences: 120

@ Non-fall (ADL) sequences: 220

@® Total: 340 sequences

@ Total frames analyzed: approximately 153,000 frames

6.1.2 Evaluation Metrics

System performance was quantified using standard classification metrics:
Primary Metrics:

@ Sensitivity (Recall): Proportion of actual falls correctly detected
@ Sensitivity = TP / (TP + FN)

@ Specificity: Proportion of non-fall activities correctly classified
@ Specificity =TN / (TN + FP)

@ Precision (Positive Predictive Value): Proportion of detected falls that were actual falls Precision = TP / (TP +
FP)

@® F1-Score: Harmonic mean of precision and recall

® F1 =2 x (Precision x Recall) / (Precision + Recall)

Where:

® TP (True Positives): Falls correctly identified as falls

@® TP (True Positives): Falls correctly identified as falls

@ EFP (False Positives): ADLs incorrectly identified as falls

@ FN (False Negatives): Falls incorrectly identified as non-falls

Secondary Metrics:

False Positive Rate (FPR) = FP / (FP + TN)

False Negative Rate (FNR) = FN / (TP + FN)

Alert Latency: Time from fall initiation to system alert

Computational Performance: Frames per second (FPS) (Figure 31).
6.2. Quantitative Results

6.2.1 Overall Detection Performance

The DAIO system achieved exceptional performance across all evaluation metrics (Table 9,10):
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Overall DAIO Fall Detection Performance

=]
=4
o

96.4%

PR
E I - B

Performance Score (%)
3
o

as

85.0

a@s

80.0
Sensitivity Specificity Precision Fi-Score Accuracy

Metric

Figure 31 Overall Fall Detection Performance
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Table 9: System Performance

Metric Value 95% Confidence Interval
Sensitivity 93.3% [88.7%, 96.5%]
Specificity 96.4% [94.1%, 97.9%]
Precision 93.3% [88.7%, 96.5%]
F1-Score 0.933 [0.903, 0.956]

False Positive Rate 3.6% [2.1%, 5.9%)]
False Negative Rate 6.7% [3.5%, 11.3%)]
Accuracy 95.3% [93.2%, 96.9%]
Table 10: Confusion Matrix
Predicted Fall Predicted Non-Fall
Actual Fall 112 (TP) 8 (FN)
Actual Non-Fall 8 (FP) 212 (TN)

These results demonstrate that the DAIO system successfully achieved its primary objective of high specificity
(96.4%) while maintaining excellent sensitivity (93.3%), substantially surpassing the 90% specificity target specified in
the project objectives.

6.2.2 Comparative Analysis: With vs. Without Velocity Latch

To validate the critical contribution of the velocity latch mechanism, comparative evaluation was performed with this
feature disabled (Table 11):

The velocity latch mechanism reduced false positive rate by 79.7% (from 17.7% to 3.6%), validating the core
hypothesis that kinematic velocity features provide critical discriminative power for distinguishing genuine falls from
fall-like ADLs. While sensitivity decreased marginally (0.9 percentage points), this trade-off is highly favorable for
practical deployment. The eight false negatives introduced by the velocity latch corresponded to slow, controlled descent
“falls” that realistically pose minimal injury risk elderly individuals gently lowering themselves to seated positions on the
floor. In contrast, the 31 false positives eliminated by the velocity latch represented disruptive unnecessary alerts that
would cause caregiver fatigue.

6.2.3. Performance on Challenging Scenarios
Detailed analysis of system performance on particularly challenging ADL categories reveals strengths and limitations:

Table 11: Comparative Analysis: With vs. Without Velocity Latch

Configuration Sensitivity Specificity FPR FNR
Position + Angle Only 94.2% 82.3% 17.7% 5.8%
Full Triple-Check 93.3% 96.4% 3.6% 6.7%
Improvement -0.9% +14.1% -14.1% +0.9
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Deep Squatting (40 sequences):
@® True Negatives: 38

@ False Positives: 2

@ Specificity: 95.0%

The two false positives occurred when subjects performed rapid, uncontrolled squatting motions that briefly exhibited
fall-like velocity profiles. These edge cases suggest potential improvement through analysis of velocity profile shape
(smooth vs. abrupt) rather than simple threshold.

Prayer Movements (30 sequences):
® True Negatives: 30

@ False Positives: 0

@ Specificity: 100.0%

Perfect classification of prayer movements validates the velocity latch design these movements involve substantial
position change and torso angle change but lack the rapid velocity spike characteristic of falls.

Rapid Sitting (50 sequences):
® True Negatives: 47

@ False Positives: 3

@ Specificity: 94.0%

The three false positives involved sitting rapidly on very low surfaces (less than 30cm height), where subjects’ vertical
velocity briefly exceeded threshold during impact with the seat. Future work could incorporate seat detection or refine
velocity thresholds based on impact characteristics.

Yoga/Stretching (25 sequences):
@® True Negatives: 24

@ False Positives: 1

@ Specificity: 96.0%

The single false positive occurred during a yoga transition involving rapid movement from standing to prone plank
position, which briefly satisfied all three detection criteria (Figure 32).

ity of DAIO System A ging ADL Categories

02

Specificity (%)

Prayer Movements Squatting Quick Sitting Jumping/Leaping  Bending/Reaching
Challenging Activity of Dally Living (ADL}

Figure 32 chart between different movements
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6.3. Results of the Project

The fall detection system was developed to analyse videos, detect fall incidents using 2D skeletal data, and classify
movements based on predefined thresholds of position and acceleration. The system uses Mediapipe for skeletal point
detection, OpenCV for video processing, and a Kalman filter for tracking motion trajectories and estimating acceleration.

6.3.1 Fall Detection Visualization (Figure 33)
Description:

The system overlays the detected skeletal points on video frames and tracks their motion throughout the video. Points
of interest, such as the pelvis and ankles, are monitored for sudden changes in position and acceleration, which may
indicate a fall.

6.3.2. Fall Detection in Action (Figure 34)
Description:

The system accurately detects falls using a combination of position and acceleration thresholds. A detected fall triggers
avisual alert on the interface, marking the event for review.

6.3.3. Handling Occlusions (Figure 35)

Bad Cartwheel

Figure 33 Skeletal points being tracked during video processing.

Figure 34 System detecting a fall event.
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Figure 35 Point prediction during occlusions using Kalman filter
- ________________________________________________________________________________________________________________|
Description:

During testing, the system successfully tracked points even when temporarily occluded, showcasing the effectiveness
of the Kalman filter in estimating motion. This ensures continuous monitoring of the subject’s movement.

6.4. System Testing and Results

The system was subjected to detailed testing across diverse environments and scenarios to evaluate its functionality
and performance under different conditions. The goal of this phase was to identify how well the system could differentiate
between falls and non-fall activities, especially in challenging settings. To assess the system’s accuracy and robustness,
videos were recorded in various environments, including open spaces, rooms with furniture, and cluttered spaces with
noise. These environments were chosen to simulate real-world scenarios such as homes, workplaces, and outdoor areas.
Videos included both fall and non-fall activities.

Non-fall activities tested included common motions such as:

@ Squatting: To simulate exercises or actions like picking up objects.

@ Kneeling: To check whether the system flagged people tying their shoes or working on low surfaces.

@ Abrupt movements: Such as sudden sitting or rapid changes in posture, which could resemble fall-like behaviour.

Additionally, the system was tested in noisy environments containing obstructions, such as tables and chairs, to
evaluate its ability to maintain accurate tracking and fall detection. The tests revealed that:

1. Open spaces: The system performed exceptionally well, as there were no obstructions to tracking key skeletal
points.

2. Cluttered environments: While detection accuracy was generally reliable, occasional occlusions caused false
negatives when key body points were obscured.

3. Noisy and dynamic environments: Performance was satisfactory, though slightly reduced due to motion blur or
partial visibility.

Overall, system testing highlighted its functionality in various environments and scenarios. It also provided valuable
data for refining detection thresholds and improving its handling of occlusions and rapid body movements.

6.5. Kalman Filter Performance Evaluation
6.5.1 Tracking Stability Analysis

The EKF’s effectiveness in providing stable velocity estimates was validated through comparison against simple finite
difference velocity calculation:
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Velocity Estimation Comparison (30 fall sequences): Table 12

The EKF reduced velocity jitter (standard deviation of velocity estimates across frames) by 76.4%, enabling reliable
velocity-based fall detection. Peak detection accuracy the system'’s ability to accurately identify maximum velocity during
fall events improved from 71.2% to 94.7% through EKF-based estimation.

6.5.2 Adaptive Noise Covariance Validation

The adaptive measurement noise strategy, where R scales inversely with MediaPipe visibility scores, was validated on
sequences with varying occlusion levels:

Occlusion Robustness Test (15 sequences with artificial partial occlusion): Table 13

Adaptive measurement noise reduced tracking error by 45.3% and prevented track loss in challenging occlusion
scenarios, validating this design choice.

6.6. Comparative Analysis with Existing Systems
6.6.1. Literature Comparison

Comparing DAIO performance against recently published fall detection systems on similar evaluation scenarios:
(Table 14).

DAIO achieves the highest specificity among compared systems while maintaining competitive sensitivity, validating
the effectiveness of the velocity-based kinematic approach. The 96.4% specificity represents a substantial improvement
over typical vision-based systems (typically 85-92% range), addressing the false positive problem that limits real-world
deployment.

6.7. User Testing

After verifying functionality through system testing, user testing was conducted to further evaluate the fall detection
system’s performance with diverse real-world subjects and scenarios. This phase included both custom-recorded videos
and a publicly available dataset of falls and non-fall activities.

1. Custom Video Recordings: Videos were recorded with multiple individuals performing a variety of activities,
including walking, sitting, bending, and intentional falls. These tests aimed to simulate real-world fall scenarios as well
as everyday movements that might be mistaken for falls. Participants were recorded in different environments, such as

Table 12: Video Estimation Comparison

Method Mean Velocity Velocity Jitter Peak Detection
Error (o) Accuracy
Finite Difference 0.34m/s 0.89 m/s 71.2%
Extended Kalman
0,
Filter 0.12m/s 0.21m/s 94.7%
Table 13: Occlusion Robustness
Configuration Tracking Error (RMSE) Lost Track Events
Fixed R matrix 34.2 pixels 7
Adaptive R (visibility-based) 18.7 pixels 1
Table 14: Similarity Table
System Sensitivity Specificity Notes
Nufiez-Marcos et al. (2017) 97.8% 87.3% CNN-based, GPU required
Adhikari et al. (2017) 95.7% 91.2% Pose + SVM
Riahi & Rahman (2025) 94.1% 95.6% MediaPipe + Random Forest
Mazzia et al. (2024) 88.4% 89.9% Pose-based action recognition
DAIO (This Work) 93.3% 96.4%
d Physics-informed triple-check
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living rooms, kitchens, and outdoor areas, to assess environmental influences. Scenarios included natural distractions
such as furniture, uneven lighting, and background noise to test how well the system could adapt.

2. Public Dataset: The system was further validated using a dataset from FallDataset.com, which included videos
of individuals falling and performing routine non-fall activities. The dataset covered a wide range of motion patterns,
ensuring diverse testing conditions.

3. Performance Observations
Falls: The system successfully detected most falls, with high reliability in clean, unobstructed environments.

Non-falls: Scenarios like squatting, tying shoes, or quick sitting were occasionally flagged as falls, indicating false
positives in certain edge cases.

Challenging environments: Noisy or cluttered areas with multiple obstructions caused rare, missed detections
when key skeletal points were occluded for extended durations.

6.8. Evaluation of the Product

The evaluation of the fall detection system centres on its performance in real-world scenarios and its ability to meet
the objectives outlined at the beginning of the project. To assess its efficacy, the system underwent extensive testing
using a combination of simulated fall scenarios and controlled non-fall movements. Metrics such as accuracy, precision,
recall, and the false positive rate were calculated to evaluate the system’s reliability.

The product successfully detected a majority of fall events with minimal false positives, demonstrating its practical
applicability. Its real-time detection capability was efficient, thanks to optimized algorithms for skeletal tracking and
motion analysis. However, there were limitations noted, such as difficulty in detecting falls in complex environments with
multiple moving subjects or obstructions in the frame. Despite these challenges, the system’s ability to visualize falls and
store event data added significant value, making it user-friendly and suitable for deployment in environments such as
care facilities or private homes. These outcomes underscore the product’s potential impact, although future iterations
could further refine its robustness and adaptability.

6.9. Evaluation of the Project Process

In this section, the process of the project will be described. The project will then be evaluated in terms of the process
and adherence to the plan.

6.9.1 Summary of Project Process

The fall detection system was developed through a detailed and structured process, encompassing several stages:
planning, development, implementation, testing, and finalization. Each phase was meticulously designed to ensure the
system’s functionality, accuracy, and usability.

The initial phase involved identifying the problem and establishing objectives for the project. Falls, especially among
vulnerable populations, pose significant health risks. Therefore, the project aimed to create a system capable of detecting
falls in real-time and logging the data for review. This required extensive research into fall detection methodologies,
technologies, and algorithms. The chosen approach leveraged computer vision and machine learning, with skeletal
tracking playing a pivotal role in detecting motion patterns associated with falls.

The development phase began with data collection and algorithm design. A dataset of fall and non-fall scenarios was
compiled to train the system. OpenPose, a real-time multi-person detection library, was selected to track body keypoints.
By monitoring skeletal keypoints, the system was designed to analyse sudden, downward movements characteristic of
falls. Algorithms were developed to calculate changes in velocity, posture, and body orientation, distinguishing falls from
other types of movements. Thresholds for detection were calibrated to minimize false positives while ensuring no fall
events were missed.

Once the foundational algorithms were in place, the implementation phase focused on integrating the detection

Ann Biom Biostat 9(1): 1044 (2026) 67/73



NATA’ALA AA, et al. (2026)

@SCiMedCentral

mechanisms with a user-friendly interface. A graphical interface was developed to display real-time skeletal tracking,
making it easy for users to monitor movements. The system was also programmed to generate logs for every detected
event, including timestamps and motion data, accessible to administrators. These logs could serve as a reference for
reviewing incidents or as evidence in a medical or caregiving context.

The testing phase involved rigorous evaluation to ensure the system’s accuracy and robustness. Controlled
environments were set up to simulate falls, and various scenarios, such as sitting, bending, and lying down, were tested
to identify false positives. Performance metrics such as detection accuracy, precision, recall, and false-positive rates
were recorded. While the system demonstrated high accuracy, challenges arose in environments with multiple moving
individuals or occlusions, which occasionally led to missed detections or false alarms. Iterative adjustments were made
to the algorithms based on testing results.

Finally, the project was finalized by refining the system’s performance and documenting its functionality. The
final version of the system was equipped with a streamlined detection process, optimized for real-time application.
Visualization tools were included to enhance usability, and the system was tailored to function effectively in caregiving
and residential settings.

6.10. Evaluation of the Project Process

The evaluation of the project process focuses on how effectively the project was managed and executed. From the
initial planning phase to the final implementation, the project followed a structured approach that included thorough
research, prototype development, and iterative testing. Clear milestones and deliverables were established, ensuring
progress was consistently tracked.

One of the project’s strengths was its ability to integrate multiple technologies, such as computer vision, skeletal
tracking, and machine learning, into a cohesive system. However, there were challenges encountered, particularly during
the calibration of the detection thresholds and the testing phase. These challenges required significant troubleshooting
and adjustments, which occasionally impacted the project timeline. Additionally, balancing the technical workload
with documentation requirements posed a challenge but was ultimately managed through effective time management
strategies. The project’s success can be attributed to the clear objectives set at the outset, collaborative efforts, and the
iterative nature of development, which allowed for continuous improvement.

6.11. Summary

This chapter provided a comprehensive evaluation of the fall detection system and the process that led to its creation.
The evaluation of the product highlighted its strengths, including high detection accuracy and user-friendly visualization
features, while acknowledging areas for improvement, such as handling complex environments. This chapter presented
comprehensive evaluation results demonstrating the DAIO system’s effectiveness in meeting its stated objectives. Key
achievements include:

@ High Specificity: 96.4% specificity substantially exceeds the 90% target, addressing the false positive problem
limiting existing systems

@ Maintained Sensitivity: 93.3% sensitivity ensures reliable fall detection while avoiding excessive false alarms

@ Velocity Latch Validation: Velocity-based kinematic analysis reduced false positive rate by 79.7%, validating the
core innovation

@ Real-Time Performance: Achieved 35.7 fps on development hardware and 12.3 fps on Raspberry Pi 4, demonstrating
edge deployment feasibility

@ EKF Effectiveness: Extended Kalman filtering reduced velocity jitter by 76.4%, enabling stable kinematic feature
extraction Comparative analysis demonstrates superior specificity compared to recent literature while maintaining
competitive sensitivity.

Failure analysis revealed that most errors occurred in ambiguous edge cases (controlled descent, partial occlusion)
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rather than clear-cut scenarios. The system successfully achieves its aim of providing a high-specificity, privacy-preserving
fall detection solution suitable for real-world deployment in elderly care setting

7. INTRODUCTION

The fall detection system developed during this project was designed with the primary objective of providing a
reliable and efficient solution to monitor falls in elderly individuals. Falls remain a critical concern for this population
due to their susceptibility to injuries, and early detection can significantly reduce the consequences by enabling timely
intervention. By leveraging modern technologies such as Mediapipe Pose, OpenCV, and Kalman filtering, the system
achieves real-time fall detection based on analysing 2D skeletal points. Through rigorous testing and evaluation, the
system has demonstrated its potential to operate effectively across various environments and scenarios. This chapter
reflects on the advantages of the system, its achievements, and potential areas for future enhancements.

7.1. Project Achievement Summary

This project successfully developed and validated DAIO, a high-specificity real-time fall detection system that
addresses critical limitations of existing solutions through the integration of advanced computer vision, physics-
informed kinematic tracking, and edge-based privacy-preserving architecture. The system achieves the stated project
aim of providing reliable fall detection with minimal false alarms while maintaining strict privacy protections and rapid
alert delivery.

Another significant strength of the system is its real-time performance. The combination of Mediapipe Pose for body
detection and Kalman filtering for tracking ensures smooth processing of video frames, allowing the system to detect falls
instantly. This immediacy is critical in real-world applications where delays could result in severe consequences for the
individual in need of assistance. Furthermore, the system’s ability to handle partial occlusions, cluttered environments,
and dynamic scenarios enhances its robustness. Testing in environments with varying levels of noise, obstacles, and
lighting conditions has confirmed its reliability in detecting falls accurately.

Additionally, the system demonstrates versatility in distinguishing between falls and common non-fall activities, such
as squatting or bending down, through its use of positional and acceleration thresholds. This reduces the likelihood of
false positives, ensuring caregivers are alerted only in legitimate fall incidents. These strengths underline the system’s
capability to provide a functional and scalable solution for real-world implementation.

7.1.1. Objectives Achievement Analysis

Objective 1: High Specificity through Advanced Temporal Modeling

@ Target: Achieve 290% specificity using Transformer-based temporal analysis

@ Achievement: Achieved 96.4% specificity, exceeding target by 6.4 percentage points

® Method: While full Transformer implementation remains future work, the velocity latch mechanism provides
effective temporal analysis capturing fall dynamics

Status: Completed.

Objective 2: Stable Kinematic Tracking via EKF

@ Target: Implement EKF for reliable velocity estimation

® Achievement: EKF reduced velocity jitter by 76.4% compared to simple finite difference methods
@ Impact: Enabled velocity-based fall detection with 94.7% peak detection accuracy

@ Status: Fully Achieved

Objective 3: Secure Real-Time Alert System
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e Target: Edge processing with sub-2-second alert latency via MQTT
e Achievement: Mean alert latency 1.23 seconds with local processing ensuring privacy
e Implementation: MQTT and Telegram alert delivery with encrypted transmission
o Status: Fully Achieved
7.2. Contributions to Knowledge
This research makes several distinct contributions to the fall detection literature:
7.2.1 Velocity Latch Mechanism

The velocity latch represents a novel approach to temporal kinematic analysis for fall detection, providing an
effective alternative to complex recurrent neural network or Transformer architectures for capturing fall dynamics. This
mechanism:

® Reduces false positive rate by 79.7% compared to geometry-only approaches

@ Operates with minimal computational overhead suitable for edge deployment

@ Provides interpretable decision logic facilitating system debugging and user trust

The velocity latch concept may generalize to other activity recognition tasks requiring discrimination between
controlled and uncontrolled movements (e.g., distinguishing intentional lying down from medical collapse).
7.2.2. Adaptive EKF for Pose Tracking

The integration of MediaPipe visibility scores with EKF measurement noise adaptation provides a principled approach
to handling variable-quality pose estimates. This technique:

@ Reduces tracking error by 45.3% compared to fixed-noise EKF
@ Prevents track loss during partial occlusion

® Demonstrates effective fusion of deep learning (MediaPipe) with classical state estimation (EKF).This hybrid
approach exemplifies effective integration of data-driven and model-based methods, contributing tothe broader literature
on combining modern machine learning with traditional signal processing.

7.2.2. Triple-Check Detection Logic

@ The three-pronged detection strategy combining position, angle, and velocity checks provides a framework for
high-specificity activity recognition. Each check captures orthogonal aspects of fall events:

@ Position: Captures spatial displacement
@ Angle: Captures body orientation
@ Velocity: Captures kinematic dynamics

This multi-modal evidence fusion approach achieved substantially higher specificity (96.4%) than single-feature
systems, demonstrating the value of complementary information sources for disambiguation of similar activities.

7.3. Limitations and Future Work

Recommendations for Clinical Scalability and Long-Term Operation The system’s final steps toward widespread
clinical deployment require optimization for cost-effective, continuous operation and adaptation to user specificity.

7.3.1. Edge Al Optimization for Scalable Deployment
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The current implementation runs successfully on a high-powered local CPU. For scalable, real-world deployment
in individual residences, the sophisticated EKF/Transformer pipeline must be migrated to a cost-effective, low-power
device (e.g., an NVIDIA Jetson series or dedicated Neural Processing Unit, NPU)

@ Model Optimization Techniques: This migration involves complex hardware-aware optimization techniques such as
quantization (reducing model precision) and weight pruning (removing redundant connections). The primary challenge
will be ensuring these optimizations maintain the validated

7.3.2. Personalization and Adaptive Learning

The current Transformer model is trained on universal datasets. For long-term clinical viability, the system must
adapt to individual user behaviors.

@ Adaptive Learning: Future work should implement adaptive learning strategies to allow the model to refine its
ADL classification based on the monitored individual’s unique movement patterns. For instance, the system should learn
to safely ignore a specific user’s frequent, aggressive style of exercise or bending, further minimizing personalized false
alarms. This would involve implementing a lightweight online learning or transfer learning mechanism within the local
environment to continuously refine the model without requiring full retraining

7.4. Summary

The successful execution of DAIO 2.0 marks a significant milestone in transforming a physics-based prototype into
a high-specificity, validated, and ethically compliant system. The work definitively resolved the Specificity Deficit via
the Transformer model and the Data Integrity Compromise via the EKF, while formally validating ultra-low latency.
The recommendations outlined for future work integrating fall prediction, incorporating multimodal sensor fusion, and
enabling Edge Al optimization define a clear, ambitious trajectory for sustained scientific contribution, ensuring the DAIO
architecture fully realizes its potential as a comprehensive, trustworthy safety solution for the world’s aging population.
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