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Abstract. Falls are a leading cause of severe injuries and fatalities among the el-
derly, particularly those living alone. Timely and accurate fall detection is critical
to ensuring rapid medical intervention and mitigating associated health risks. Tra-
ditional fall detection methods, such as wearable sensors and conventional computer
vision techniques, often suffer from high false alarm rates and limited adaptability
to real-world environments. These limitations stem from challenges like occlusions,
lighting variations, and the inability to reliably distinguish between actual falls and
non-harmful postures, such as sitting or lying on a bed. To address these challenges,
we propose a novel fall detection system that integrates fine-grained human posture
segmentation with environmental context awareness. Our approach leverages an en-
hanced YOLOv11-Seg model to perform real-time semantic segmentation, enabling
precise differentiation between actual falls and similar but non-critical scenarios. By
analyzing the spatial relationship between the detected individual and surrounding
furniture, our method significantly reduces false alarms while maintaining high de-
tection accuracy. Experimental evaluations conducted across multiple benchmark
datasets demonstrate the robustness of our solution, achieving superior performance
in terms of accuracy, precision, recall, and F1-score. The proposed system not only
outperforms existing state-of-the-art methods but also proves highly effective for
real-world fall detection applications, offering a reliable and scalable solution to
enhance elderly care and safety.

Keywords: Real-time fall detection, semantic segmentation, deep learning, transfer
learning, YOLOv11-Seg, intersection
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1 INTRODUCTION

Falls are a critical indicator of declining physical health, mobility issues, and height-
ened vulnerability among the elderly. They represent a leading cause of injury-
related deaths worldwide, particularly for older adults living alone. According to
the World Health Organization (WHO) [1], approximately 30 % of individuals over
65 experience at least one fall annually, with this percentage increasing with age.
The National Council on Aging (NCOA) [2] reports that in the United States, an
older adult dies from a fall-related injury every 19 minutes, resulting in 27 000 deaths
each year. Beyond fatalities, falls frequently lead to severe complications, includ-
ing fractures, reduced mobility, and loss of independence, profoundly impacting
the quality of life of elderly individuals. Moreover, delayed detection and response
to a fall can exacerbate health deterioration and even result in death due to pro-
longed immobility and the absence of immediate medical intervention. Given these
alarming statistics, the development of effective and reliable fall detection systems
is imperative to ensure timely intervention and mitigate health risks.
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Various fall detection systems have been explored in the literature, broadly cat-
egorized into wearable-based, ambient sensor-based, and vision-based methods [3].
Wearable sensors, such as accelerometers and gyroscopes, are widely adopted due
to their portability and affordability [4]. However, these solutions require contin-
uous user compliance, which is often impractical for elderly individuals. Ambient
sensor-based methods, such as radar and microphone-based systems, eliminate the
need for user participation but are highly susceptible to environmental noise and
occlusions, limiting their reliability in real-world settings [4]. Among these ap-
proaches, vision-based deep learning methods have shown significant promise for
automated, non-intrusive fall detection. Nevertheless, they face several challenges,
including lighting variations, changes in body posture, occlusions, and background
clutter [3, B]. A major limitation of existing vision-based solutions is their inability
to distinguish between a person lying on the floor due to a fall and someone resting
on a bed or couch [6]. Many models rely exclusively on body posture estimation,
overlooking environmental context, which results in high false-positive rates. For
instance, a person lying horizontally in an image may be erroneously classified as
having fallen, even if they are resting on a mattress. Additionally, occlusions caused
by furniture or other objects further complicate detection, as many systems strug-
gle to identify partially visible individuals. These shortcomings highlight the need
for a more robust, context-aware fall detection system that integrates both pos-
ture recognition and environmental analysis to enhance accuracy and reduce false
alarms.

To address these challenges, we propose an innovative system that improves fall
detection by analysing the interaction between a person and their environment, par-
ticularly furniture. Unlike traditional methods that rely solely on body posture, our
approach integrates spatial and contextual cues, enhancing differentiation between
actual falls and non-fall scenarios. Our solution leverages a fine-tuned YOLOv11-
Seg model, optimized to segment both the human body and surrounding furniture,
enabling precise assessment of whether a person is lying on the floor or on a piece
of furniture. By incorporating furniture interactions — such as beds or couches —
we introduce critical contextual information that refines classification accuracy and
reduces false alarms. Additionally, our approach significantly improves occlusion
handling in complex environments, ensuring reliable performance even when parts
of the body are obscured. This advancement makes our system more robust and ac-
curate compared to existing methods, offering a comprehensive and reliable solution
to fall detection. The main contributions of this work are as follows:

e Context-aware fall detection: A deep learning system that integrates human
posture estimation with environmental analysis to enhance classification accu-
racy.

e Intersection-based fall identification: A novel spatial overlap approach that sig-
nificantly reduces false alarms by leveraging interactions between individuals
and their surroundings.
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e Hybrid loss function: A tailored loss function designed to improve boundary
segmentation accuracy for more precise detection.

e Fine-tuned YOLOv11-Seg model: An optimized model for real-time perfor-
mance, capable of effectively handling complex scenarios in diverse environ-
ments.

e Multi-dataset training approach: Combines three public datasets with locally
collected data, employing context-specific annotation techniques to improve
model generalization across varied environments.

e Occlusion-aware detection strategy: Ensures reliable fall classification even when
individuals are partially obscured by objects, enhancing robustness in challeng-
ing conditions.

The remainder of this paper is organized as follows: Section [2]presents a review of
related fall detection methods. Section [3describes the proposed approach, including
dataset details, pre-processing steps, and model architecture. Section [ presents
the experimental results, while Section [f] discusses an ablation study, and Section []
provides a comparative analysis with existing solutions. Finally, Section [7] concludes
the paper and suggests future research directions.

2 RELATED WORK

In this section, we present a comprehensive review of recent literature on fall detec-
tion and classification, focusing on the application of deep learning models. In [7],
a deep learning model combining a Temporal Convolutional Network (TCN) and
a Gated Recurrent Unit (GRU) was proposed to extract high-level features for clas-
sification, using data collected from an Inertial Measurement Unit (IMU). Another
study [§] introduced a battery-free human motion sensing system that recognizes
movements via a shoe-embedded triboelectric nanogenerator (TENG), employing
a conductive PVA-PEDOT:PSS hydrogel for signal collection. This system was fur-
ther developed into an Al-based fall detection framework leveraging TENG technol-
ogy. In [9], a compact Convolutional Neural Network (TinyCNN) with a two-stage
feature extraction process was employed and evaluated on the KFall and SisFall pub-
lic fall detection datasets. In [I0], the authors proposed Flow-Pose Net (FP-Net),
a two-stream network that integrates optical flow and human pose information for
robust and accurate fall detection in videos. A human pose estimator identified
body joint locations, feeding into a Graph Convolutional Network (GCN) to extract
body appearance features, while a CNN was used for additional feature extraction.
Similarly, [I1] introduced the Multimodal Spatiotemporal Skeletal Kinematic Gait
Feature Fusion (MSTSK-GFF) classifier for video-based fall detection. This method
employs a multimodal feature fusion approach, combining a Spatiotemporal Graph
Convolutional Network (STGCN) for skeletal modeling and 1D-CNNs for temporal
gait modelling to generate two sets of spatiotemporal kinematic gait features from
skeleton frame sequences, which are then fused through concatenation for classifica-
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tion. To address data limitations and computational efficiency, [I2] applied transfer
learning by fine-tuning a pre-trained model on a large-scale image dataset, achiev-
ing a test accuracy of 98.15% for fall detection. In [I3], the authors developed
ARFDNet, an efficient activity recognition and fall detection system. It uses a pose
estimation network to extract skeletal features from raw RGB video, processing
skeleton coordinates through a CNN;, followed by GRUs and fully connected layers
for classification. To tackle high false-positive rates, [I4] proposed a multimodal
CNN with various topologies, trained on RGB images and accelerometer data, and
evaluated on the UR Fall and UP-Fall datasets. In [TI5], fall detection was performed
by analysing human body geometry across video frames, using pose estimation to
compute angles and distances between vectors formed by the head-centroid and the
body’s centre hip, relative to the horizontal axis, to create distinctive image fea-
tures for classification. Additionally, [16] proposed a fall detection method using
input-level data fusion, integrating 1D time-series data from wearable devices and
2D visual data from cameras to enhance information complementarity. In [I7], the
authors proposed a privacy-preserving, camera-based framework for fall detection
and post-fall posture classification, employing a Multi-Scale Skip Connection Seg-
mentation Network (MSSkip) to extract human silhouettes, and the Xception net-
work for post-fall classification on a custom dataset, enhancing elderly monitoring
while addressing privacy concerns. A real-time indoor fall detection method using
computer vision was introduced in [I], integrating geometric features from dual
ellipses — representing the head and torso — derived via a Gaussian Mixture Model
(GMM), alongside a shallow CNN to improve detection accuracy. By extracting and
fusing features such as axis ratios, orientation angles, and vertical velocities into a
time-series motion feature, the authors effectively distinguished falls from similar
activities. In [19], a segmentation pipeline was proposed to semi-automatically iso-
late individuals and objects in images, demonstrating that object-specific contextual
transformations, such as Gaussian blur on backgrounds, enhance fall detection accu-
racy and generalization across ResNet-18, EfficientNetV2-S, and Swin-Small models.
Finally, [20] utilized a microphone to record reflected signals, capturing the Doppler
shift resulting from a fall event.

3 PROPOSED APPROACH

Current human fall detection systems face a significant limitation: beyond struggling
with occlusion detection, they often fail to distinguish between a person lying on the
floor and one resting on a bed, sofa, or other furniture. This distinction is critical
for reducing false alarms and improving the contextual analysis of human postures.
To address this challenge, we propose an approach based on intersection analysis be-
tween the person and surrounding furniture, calculating the spatial overlap between
the human body and objects in the scene. To optimize performance and enhance
accuracy, we first classify postures into lying and non-lying (e.g., standing, sitting)
categories. This initial classification prevents unnecessary intersection calculations
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for every detected person in the camera frame, significantly reducing computational
load. By focusing solely on lying individuals, our method improves efficiency, mak-
ing real-time execution more feasible. To further enhance reliability, our algorithm
incorporates a Frame Count Rule, analysing a sequence of T consecutive frames to
detect sustained lying postures. A fall is confirmed only if the intersection score re-
mains below a predefined threshold in at least 80 % of these frames. This temporal
filtering mitigates the misclassification of transient actions, such as bending down,
as falls. To minimize errors, we intentionally avoid requiring 100 % frame agreement,
allowing for occasional missed detections in some frames. By prioritizing posture
consistency over transient fall dynamics and enforcing an 80 % agreement threshold,
our approach effectively reduces false positives while maintaining high precision.
This balance ensures robustness, making the method well-suited for real-time appli-
cations in healthcare and surveillance. We implement and compare three distinct
scenarios (Figure [lf) in terms of accuracy, computational efficiency, and practical
relevance for real-time fall detection:

Scenario 1: Compute the intersection between the fully segmented human body
and segmented furniture to determine contact areas.

Scenario 2: Segment individual body parts (head, upper limbs, and lower limbs),
calculate the intersection of each part with segmented furniture for lying indi-
viduals, weight their contributions, and aggregate the results.

Scenario 3: Estimate intersection using bounding boxes of the person and furni-
ture, leveraging Intersection over Union (IoU) for an approximate evaluation.

a) Original image b) Scenario 1 ¢) Scenario 2 d) Scenario 3

Figure 1. Representation of the three tested scenarios

3.1 Dataset

In this study, we utilized two public datasets — the Fall Detection Dataset [21] and
Le2i [22] — for training, validation, and testing, supplemented by a third locally
developed dataset for additional evaluation. The Fall Detection Dataset comprises
RGB images resized to 320 x 240 pixels, originally recorded at 640 x 480 resolution
using a single Kinect sensor mounted approximately 2.4 meters high. It contains
14419 images, though not all were suitable for training. The dataset was captured in
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various indoor environments from different angles and includes multiple individuals
of diverse body sizes. The Le2i Fall Dataset consists of 124 RGB videos, including
94 fall sequences and 30 Activities of Daily Living (ADL) videos, recorded in diverse
simulated environments. It captures falls from multiple perspectives — forward,
backwards, and sideways — starting from various initial positions, such as standing
and sitting. Additionally, it incorporates varied lighting conditions and occlusions
to enhance realism. The videos were recorded using a single camera positioned at
2.4 meters high, with a resolution of 320 x 240 pixels and a frame rate of 25 fps. To
integrate this dataset with the Fall Detection Dataset, we extracted 3020 frames,
alongside reserving 27 videos for testing. By combining the Le2i and Fall Detection
datasets, we obtained a broader range of postures and fall scenarios, improving the
robustness of the dataset for training fall detection models. To further validate our
model, we developed a local dataset comprising 24 videos of both fall events and
normal daily activities (ADL). This dataset includes four individuals of varying ages
and body sizes, recorded in four distinct locations under diverse lighting conditions,
ensuring greater diversity and enhancing generalization for real-world applications.

3.2 Dataset Preparation

The preprocessing phase was critical to ensure data consistency and class balance.
We applied duplicate elimination and class-specific data augmentation strategies to
enhance model performance. The dataset consists of four main classes:

Class 1 (Lying): Data augmentation was applied to increase variability and im-
prove model generalization.

Class 2 (Not Lying): No additional preprocessing was performed beyond stan-
dard normalization, as this class already contained sufficient instances.

Class 3 (Furniture): Duplicate instances were removed to eliminate redundancy,
followed by data augmentation to enhance robustness.

Body Part Classes: These include head, upper limbs, and lower limbs, enabling
finer-grained segmentation for improved analysis. Data cleaning and augmenta-
tion techniques were applied to these classes.

Classes 1, 2, and 3 are utilized across all three scenarios, while the body part
classes are used exclusively in the second scenario. The “Furniture” class encom-
passes three types of objects — beds, couches, and mattresses. Grouping these ob-
jects into a single class offers several advantages. First, it simplifies the model’s
classification task by reducing the number of categories, thereby improving general-
ization and minimizing the risk of misclassification among similar objects. Second,
from a fall detection perspective, distinguishing between these objects is unneces-
sary, as their primary role is to support a lying person. This unified classification
ensures more robust and efficient intersection analysis while maintaining the focus
on differentiating between lying on furniture and lying on the floor. Additionally,
this grouping optimizes training efficiency and enhances real-time performance by
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reducing the number of object classes the model must process. Data augmenta-
tion techniques were applied to improve model generalization and robustness. To
enhance the model’s ability to handle diverse fall orientations and varying camera
viewpoints, we incorporated rotation-based data augmentation techniques, includ-
ing 90° clockwise and counterclockwise rotations, as well as upside-down flips. These
transformations simulate how falls may appear from different angles — particularly in
real-world deployments involving ceiling-mounted or wall-mounted cameras. These
augmentations were applied only to images without furniture, as flipping or apply-
ing a 90° clockwise rotation to a person lying on a bed would not correspond to
a plausible real-world situation. This approach allowed us to effectively synthesize
new lying postures from standing positions (especially for ceiling-mounted cameras),
helping to address the class imbalance between lying and non-lying instances present
in the original dataset. This strategy was applied to improve model generalization
and robustness. It included:

Rotations: 90° clockwise, counterclockwise, and upside down, as well as random
rotations between —15° and +15°.

Shear transformations: horizontal and vertical shearing up to +15°.

Brightness and exposure adjustments: Variations between —25 % and +25 %.

Noise injection: Modifying up to 5% of pixels.

Cutout augmentation: Introducing random occlusions using five boxes, each cov-
ering 17 % of the image.

Mosaic augmentation: Enhancing object diversity by merging multiple images
into a single training sample.

The labelling process was conducted twice: once for the first scenario (full-body
segmentation) and again for the second scenario (body-part segmentation, includ-
ing head, upper limbs, and lower limbs). This dual-labelling approach ensured
that ground truth annotations aligned with each experimental setup. For the third
scenario, we utilized the model trained for the second scenario. As we leveraged
YOLOv11-Seg [23], which provides both segmentation masks and bounding boxes
for the fine-tuned classes, we could directly use its outputs without additional la-
belling efforts.

. Not . Upper Lower
Class Lying lying Furniture = Head limb limb Total
Before 6556 10297 14419 15538 15457 15679 77946
preprocessmg
After
_ 8730 10297 9364 9583 9572 9627 57173
preprocessmg

Table 1. Dataset overview before and after preprocessing

Table [I] reports the number of instances rather than the number of images, as
a single image may contain multiple objects from different classes. This distinction
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is crucial in object detection and segmentation tasks, where each instance (e.g.,
person, furniture) is independently labelled and processed. The final dataset consists
of 23853 images (57 173 instances), divided into three subsets: training, validation,
and testing. The training set comprises approximately 70% of the dataset and
was used for model training. The validation set accounts for 20 % of the dataset
and was utilized for model validation and hyperparameter tuning. Finally, the test
set represents 10 % of the dataset and includes 51 videos, serving to evaluate the
model’s performance after training and validation. It is important to note that the
data allocated for validation and testing were not subjected to data augmentation,
ensuring an unbiased evaluation of the model’s performance in real-world scenarios.

3.3 YOLOv11-Seg Model Architecture and Fine-Tuning

We employed YOLOv11-Seg as the core segmentation model for our solution, lever-
aging its advanced architecture for precise object and posture identification. We
selected YOLOv11-Seg for its speed and efficiency, making it an ideal choice for
real-time applications [23]. Its enhanced segmentation capabilities enabled accurate
differentiation between the human body, body parts, and surrounding furniture,
ensuring robust fall detection. The model was trained twice:

1. For scenarios 1 and 3, using the classes “Lying,” “Not Lying,” and “Furniture.”

2. For scenario 2, using all classes, including additional body part classes such as
head, upper limbs, and lower limbs.

3.3.1 Fine-Tuned YOLOv11-Seg for Scenarios 1 and 3

The fine-tuned YOLOv11-Seg model (Table [2)) demonstrates significant advance-
ments in fall detection through targeted architectural modifications and optimized
training strategies. The backbone employs a CSPDarknet architecture with five
stages (64-512 channels), where the first three stages are frozen to leverage pre-
trained feature representations while allowing deeper layers to adapt to task-specific
data, thereby balancing generalization and specialization. To refine domain-specific
features, a Task-Specific Adapter was introduced, comprising two lightweight con-
volutional layers with 128 channels and a channel attention mechanism, enhancing
the model’s ability to distinguish between lying and non-lying states. Multi-scale
feature fusion is achieved through a Path Aggregation Network (PANet) neck, which
utilizes three feature pyramid levels, each with 256 channels, ensuring robust object
detection across varying scales. The Detection Head, modified with three convo-
lutional layers and 256 channels, predicts bounding boxes for three classes — Ly-
ing, Not-Lying, and Furniture — using three anchor boxes per scale, enabling pre-
cise localization and classification. Additionally, the Segmentation Head, based on
a Fully Convolutional Network (FCN) architecture with four convolutional layers
and 256 channels, generates class-specific instance segmentation masks at a resolu-
tion of 128 x 96, facilitating accurate localization of body parts and furniture. To
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further improve spatial awareness, a Position-Sensitive Attention mechanism was
incorporated, utilizing a single convolutional layer with 128 channels to generate
a spatial attention map of size 32 x 24, focusing on positional relationships critical
for differentiating object orientations. An auxiliary head, consisting of two fully
connected layers with 128 neurons and softmax activation, provides supplementary
classification supervision during training, enhancing the model’s ability to accu-
rately detect lying postures. Post-processing techniques, including Non-Maximum
Suppression (NMS) with an IoU threshold of 0.5 and mask confidence threshold-
ing at 0.3, ensure robust and reliable predictions by filtering redundant detections
and refining mask quality. Training was conducted using the AdamW optimizer
with a weight decay of 0.0001, a cosine decay learning rate scheduler initialized
at 0.001, and an early stopping mechanism to prevent overfitting and ensure con-
vergence. These enhancements collectively improve the precision, robustness, and
real-time applicability of the YOLOv11-Seg model, making it highly effective for
detecting lying postures and distinguishing falls from other activities in dynamic
environments.

3.3.2 Fine-Tuned YOLOv11-Seg for Scenario 2

For Scenario 2, we adapt the fine-tuned YOLOv11-Seg architecture from the pre-
vious section, which focused on whole-body segmentation, by introducing detailed
body part segmentation for lying and non-lying states while retaining furniture seg-
mentation. The key differences lie in the network outputs, feature refinement, and
training supervision to accommodate the new classes, including body parts. The
segmentation head was modified to output masks for body part classes instead of full-
body segmentation, enabling finer localization of the head, upper limbs, and lower
limbs. Similarly, the detection head was adjusted to predict bounding boxes for these
additional classes. To enhance part differentiation, the task-specific adapter was im-
proved with additional convolutional layers, refining feature extraction. A position-
sensitive attention mechanism was introduced to improve orientation awareness,
capturing spatial relationships between body parts across different postures. Addi-
tionally, an the auxiliary is used to supervise the body part classes during training
(excluding furniture) and removed during inference. These enhancements enable
more precise segmentation of body parts, improving the model’s ability to analyse
human posture while preserving the efficiency of the original architecture.

3.4 Intersection Calculation

This section introduces the algorithms used to calculate the intersection area across
the three defined scenarios.

The Scenariol-Intersection algorithm quantifies the interaction between a per-
son and furniture using two key metrics: Intersection over Union (IoU) and Person
Coverage, to accurately differentiate between incidental contact and true lying pos-
tures. IoU, a widely used object detection metric, is computed by measuring the
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Component Nature Parameters Frozen
. Not
Input - 320 x 240 RGB image trainable
Convolutional 5 stages, 64-512 First three
Backbone Vot channels (first three stages
layers
stages frozen) frozen
. . 2 convolutional layers,
Task-specific Convol.utlonal + 198 channels; Channel No
adapter Attention . .
attention mechanism
Convolutional 3 levels of feature
Neck pyramids; 256 channels No
layers
per level
- 3 convolutional layers,
Auxiliary Fully connected +
. ) . 256 channels; 3 anchor No
detection head Convolutional )
boxes per scale
4 convolutional layers,
Segmentation Convolutional 256 channels; Output No
head layers mask resolution:
128 x 96
1 convolutional layer,
Position-sensitive  Attention 128 channels; Spatial No
attention mechanism attention map size:
32x24
e Fully connected + 2 fully connected
Auxiliary head . layers, 128 neurons; No
Convolutional ..
Softmax activation
. . NMS I hreshold:
Post-processin Algorithmic 0.5; SI\I;DSI.IJ( t:oilcf?dzrie Not
P & (Non-trainable) - trainable

threshold: 0.3

Table 2. Fine-tuned YOLOv11-Seg model components

pixel-wise intersection and union of the person and furniture masks. While a high
IoU indicates significant overlap, it does not necessarily confirm that the person is
lying down. To refine this assessment, Person Coverage is introduced, defined as
the proportion of the person’s area overlapping with the furniture. This ensures
that minimal contact does not lead to misclassification. A high Person Coverage
suggests that a substantial portion of the person is lying on the furniture, whereas
a low value indicates a leaning or incidental posture. By combining loU and Person
Coverage, the algorithm distinguishes between different interaction scenarios:

Fully lying down: High IoU, high coverage.
Leaning: Medium IoU, medium coverage.
Slight contact: High IoU, low coverage.

No interaction: Low IoU, low coverage [21].
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Algorithm 1 Scenariol-Intersection
Input: person-mask, furniture-mask
Output: iou, person-coverage
Step 1: Compute Intersection and Union
total-intersection <— Count(person-mask AND furniture-mask)
total-union «— Count(person-mask OR furniture-mask)
Step 2: Compute IoU (Intersection over Union)
if total-union > 0 then
iou + total-intersection / total-union
else
iou+0
: end if
Step 3: Compute Person Coverage
. total-person-area < TotalPixels(person-mask)
if total-person-area > 0 then
15: person-coverage < total-intersection/total-person-area
16: else
17: person-coverage <— 0
18: end if
19: Step 4: Return IoU and Coverage
20: return (iou, person-coverage)

e e e
L

This differentiation is crucial for fall detection systems, where the goal is to
determine whether a person has genuinely fallen onto furniture (e.g., a bed or couch)
or is merely in contact with it.

The Scenario2-Intersection Algorithm enhances fall detection by systematically
evaluating the spatial overlap between a detected person and furniture. It assigns
importance weights to body regions based on their relevance to lying postures: head
(0.5), upper limbs (0.4), and lower limbs (0.1), emphasizing the head and upper
limbs as key fall indicators. The algorithm computes the binary intersection be-
tween each body part mask and the furniture mask, determining a coverage ratio by
dividing the intersection area by the total area of each body part. To refine accuracy,
a Gaussian-weighted adjustment dynamically modifies body part weights based on
their Euclidean distance from the centre of mass, using an exponential decay factor
a = 0.1. This adaptation ensures resilience to variations in body positioning. The
final normalized intersection score (ranging from 0 to 1) aggregates the adjusted
coverage scores, where higher values indicate a greater likelihood that the person
is lying on furniture rather than the floor. This method significantly improves pre-
cision by prioritizing key body parts and reducing false positives caused by limb
variability.

Gaussian adjustments and noise filtering enhance robustness against occlusions
(e.g., blankets), ensuring reliable posture estimation. Additionally, context-aware
weight adjustments refine the system’s ability to distinguish between lying and
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leaning postures, addressing common misclassifications in traditional approaches.
These enhancements make the algorithm highly suitable for real-time healthcare
and surveillance applications, where accurate and timely fall detection is critical.

Algorithm 2 Scenario2-Intersection
Require: person-mask, furniture-mask, body-parts-masks

1: Define base weights:
2: head-weight < 0.5
3: upper-limbs-weight < 0.4
4: lower-limbs-weight < 0.1
5. a <+ 0.1
6: min-coverage-threshold < 0.1
7. Calculate the center of mass (CoM):
8: (¢, y.) + CenterOfMass(person-mask)
9: Initialize variables:
10: weighted-score <— 0
11: total-adjusted-weight < 0
12: for each body-part in {head, upper-limbs, lower-limbs} do
13: part-mask « body-parts-masks[body-part]
14: part-intersection <— Count(part-mask AND furniture-mask)
15: if TotalPixels(part-mask) > 0 then
16: part-coverage <— part-intersection / TotalPixels(part-mask)
17: else
18: part-coverage < 0
19: end if
20: if part-coverage < min-coverage-threshold then
21: part-coverage < 0
22: end if
23: Compute centroid (z,,y,) of part-mask
24 d /(xp—2)2 + (Yp — Ye)?
25: G(d) + exp(—a - d?)
26: adjusted-weight <+ base-weight[body-part] - G(d)
27: weighted-score < weighted-score 4 (part-coverage x adjusted-weight)
28: total-adjusted-weight < total-adjusted-weight + adjusted-weight
29: end for
30: Normalize the score:
31: if total-adjusted-weight > 0 then
32: normalized-score +— weighted-score / total-adjusted-weight
33: else
34: normalized-score < (
35: end if

: Return normalized-score

w
[=2]
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The Scenario3 algorithm calculates the overlap score between the bounding
boxes of a person and furniture in an image. It first computes the intersection
of the two bounding boxes to determine the overlapping area. If no overlap exists,
the intersection area is set to zero. The union of the bounding boxes is then cal-
culated by summing their areas and subtracting the intersection to avoid double
counting. Finally, the Intersection over Union (IoU) is computed as the ratio of
the intersection area to the union area, providing a normalized measure (ranging
from 0 to 1) of the spatial overlap between the person and furniture. This met-
ric is widely adopted in object detection to evaluate spatial relationships between
detected objects.

Algorithm 3 Scenario3-Intersection
Require: Bp: Bounding box of the person (z,, y,, w,, hy)
Require: Bf: Bounding box of the furniture (z, ys, wy, hy)
Calculate Intersection Area:
Tieg, <— max(zp, )
Yrop < max(yp,yy)
Tyight ¢ Min(x, + wy,, x5 + wy)
Ybottom £ min(yp + hw Yy + hf)
if Tright > Tlete @a0d Ypottom > Ysop then
Intersection <= (Zright — Ziefs) X (Ybottom — Ytop)
else
Intersection < 0
end if
: Calculate Union Area:
Area, + w, X h,
Areay <= wy X hy
Union < Area,, + Area; — Intersection
Compute IoU:
if Union > 0 then
ToU «+ Im%‘f‘%
else
ToU «+ 0
end if
: Return IoU

R N R T e
S A A A R R U A S

3.5 Loss Function

For this project, we implemented a hybrid loss function tailored to our specific
objectives, combining Dice loss [24] and Focal loss [25] for segmentation, alongside
Complete Intersection-over-Union (CIoU) loss for bounding box regression. Dice loss
optimizes the overlap between predicted and ground truth masks, enhancing seg-
mentation accuracy. Focal loss focuses on hard-to-segment regions by reducing the
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impact of easily classified pixels, thereby improving the model’s ability to segment
challenging areas. Meanwhile, CloU loss refines bounding box regression by incor-
porating aspects such as aspect ratio consistency and distance between centroids,
ensuring precise object localization. This synergistic approach enhances segmenta-
tion precision, minimizes classification errors, and improves spatial accuracy. The
Dice loss is defined as:

c
22 gtLZ prLZ)
Dice loss—l—Z(Z B+ > pros ¥ e (1)

In this formulation, C represents the number of classes (3 for the first model and 6
for the second), gt,; denotes the ground truth (0 or 1) for class ¢ at pixel 4, pr,; is
the predicted probability, and e ensures numerical stability by preventing division
by zero. The Focal loss is expressed as:

N C
1
Focal loss = N Z Z a-gt.; - (1—pr.;)” - log(prc,i)] (2)

i=1 c=1

with NV as the total pixels, « (0.25 for scenarios 1 and 3, and 0.35 for scenario 2)
weighting the minority classes, and v = 2 focusing on difficult pixels like boundaries.
The total hybrid loss is:

L = A; - Dice loss + Az - Focal loss, (3)

where \; = 1.0 prioritizes overlap accuracy and Ay = 0.5 refines edges, empirically
tuned to enhance mask quality for fall detection. For bounding box regression, we
use the Complete IoU (CIoU) loss, defined as:

2
Lepox = 1 — (IoU _phby) «- v) ) (4)

2

CIoU loss improves localization accuracy by integrating IoU, which quantifies the
overlap between the predicted bounding box b and the ground truth by, where
a higher ToU indicates better localization [26]. It also includes a centre distance
penalty term p?(b, by ), which normalizes the squared Euclidean distance between
their centres using ¢? (the diagonal of the smallest enclosing box) to enhance con-
vergence and alignment [27]. Additionally, an adaptive weighting factor « balances
the aspect ratio penalty v, ensuring realistic bounding box proportions [27]. The op-
timal parameters, a = 0.5 and a centre distance penalty coefficient of 1, contribute
to precise localization, which is crucial for fall detection.

4 EXPERIMENTAL RESULTS

The proposed models were evaluated in an experimental environment equipped with
an 11" Gen Intel(R) Core(TM) i5 processor and an RTX 3050 graphics card. The
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training process for YOLOv11-Seg was conducted for both segmentation models,
with an initial epoch count of 120 and a batch size of 16. However, early stopping
was applied due to the absence of significant performance improvements beyond the
55" epoch for Model 1 and the 65™ epoch for Model 2. Consequently, the final
number of epochs was set to 60 for Model 1 and 70 for Model 2 to ensure stability
and convergence. The performance and loss graphs for both scenarios are presented
in Figure

Evolution of Object Detection Accuracy

Accuracy

----Train Accuracy - Segmentation of body parts

o ! —— Validation Accuracy - Segmentation of body parts
---- Train Accuracy - Segmentation of entire body
—— Validation Accuracy - Segmentation of entire body
----Train Accuracy - Using bounding boxes

06
—— Validation Accuracy - Using bounding boxes

0 10 2 30 10 50 60 70

Epochs
a)

Evolution of Object Detection Loss

----Train Loss - Segmentation of body parts
— Validation Loss - Segmentation of body parts
----Train Loss - Segmentation of entire body
—— Validation Loss - Segmentation of entire body
---=Train Loss - Using bounding boxes

Y —— Validation Loss - Using bounding boxes

00

Figure 2. Train and validation accuracy and loss of YOLOv11-Seg for the two models

For object detection (without fall detection), Model 1 demonstrated exceptional
accuracy with bounding boxes, achieving a training accuracy of 99.6 % and a vali-
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dation accuracy of 99.42%. The loss function consistently decreased during train-
ing before stabilizing (Figure . When applied to whole-body segmentation, the
same model exhibited a similar trend, attaining a training accuracy of 97.61 % and
a validation accuracy of 97.32 %, with the loss function steadily declining before
stabilization. Model 2, focused on body part segmentation, showed slightly lower
but still competitive performance, with a training accuracy of 96.44 % and a valida-
tion accuracy of 96.20 %. Its loss function also decreased steadily before stabilizing.
However, this model required a longer training duration, converging after 70 epochs
compared to 60 epochs for Model 1.

Model Scenario Accuracy Precision Recall F1-Score
Model 1 Segment the whole body 97.21% 95.71% 95.96%  95.83%
Model 2 Segment body parts 95.89 % 95.91% 95.89%  95.90%
Model 1 Using bounding boxes 99.29 % 98.99% 98.88%  98.93%

Table 3. Performance metrics of YOLOv11-Seg for object detection step

Scenario 3 Scenario 2
Lying JRZM 10 3 1 6 6
Lying
Notlying] 19 SN 2 5 1 5
Furniture | 10 Bl 913 1 3 4
Not Lying
Head{ 5 5 0 15 4
UpperLimb{ 10 13 1 [ 203 U
Furniture
Lower Limb{ 15 15 2 16 19 RS

& & & <
< < S
Predicted Label

Predicted Label

Scenario 1

Lying

Not Lying

True Label

Furniture

s

4\\& i“&
3 ) 5

$

& <
Predicted Label

Figure 3. Confusion matrices of object detection step
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The results presented in Table[3land Figure B]evaluate the three object detection
techniques on the test set, demonstrating their ability to accurately detect and clas-
sify the following classes: Lying, Not lying, Furniture, Head, Upper limb, and Lower
limb. The segmentation-based approaches (whole-body segmentation and body part
segmentation) and the bounding box-based detection method were assessed using
precision, recall, F1-score, and accuracy metrics. The bounding box-based detection
method achieves the highest accuracy (99.29 %) with consistently high scores across
all three primary classes (Lying, Not lying, and Furniture), indicating its effective-
ness in object localization. The whole-body segmentation technique provides a more
detailed understanding of object shapes and maintains a high accuracy of 97.21 %,
showcasing its robustness in capturing spatial details.

The body part segmentation approach, while achieving a slightly lower accuracy
of 95.89 % due to the increased complexity of detecting additional classes (Head,
Upper limb, and Lower limb), remains competitive. Despite these variations, all
three methods demonstrate high accuracy, underscoring their effectiveness in object
detection tasks.

Scenario 1 Scenario 2

Fall Fall

True Label

Non-Fall Non-Fall

Fall Non-Fall Fall Non-Fall
Predicted Label Predicted Label

Scenario 3

Fall

Non-Fall

Fall Non-Fall
Predicted Label

Figure 4. Confusion matrices of the three scenarios on the test set

Table [l] and Figure [l] present the evaluation results on images from the test set,
highlighting distinct strengths and weaknesses in fall and non-fall detection across
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. Fall No Fall

Scenario Ace. Prec.  Recall F1 Prec.  Recall F1 FPS
1 93.38% 92.33% 94.32% 93.31% 94.43% 92.48% 93.44% 13
2 95.95% 95.49% 96.49% 95.99% 96.43% 95.41% 95.91% 11

3 91.06% 90.07% 91.88% 90.97% 92.04% 90.26% 91.14% 18

Table 4. Performance comparison of different scenarios in fall detection

the three scenarios. Scenario 2 (body part segmentation) achieves the highest overall
accuracy (95.95 %) and excels in fall detection with an Fl-score of 95.99 %, demon-
strating its superior ability to differentiate between a person lying on the floor and
on furniture by analysing individual body parts. This detailed segmentation makes
it the most robust against occlusions and complex postures. However, its higher
computational cost results in the lowest frame rate (11fps), limiting its real-time
performance. Scenario 1 (whole-body segmentation) strikes a balance between ac-
curacy (93.38%) and speed (13 fps), effectively detecting falls with an Fl-score of
93.31 %. Although it may struggle with occlusions, it remains a strong candidate for
real-time applications requiring both accuracy and efficiency. Scenario 3 (bounding
box-based detection), despite achieving the highest frame rate (181ps), struggles
most with fall detection, with an Fl-score of 90.97% and an accuracy of 91.06 %.
This indicates that bounding boxes alone lack the spatial precision needed to dis-
tinguish falls from other postures, as strong object localization alone is insufficient
for accurate fall detection. However, it performs reasonably well in identifying non-
fall situations, achieving an Fl-score of 91.14 %. Ultimately, Scenario 2 is the most
reliable for accurately detecting fall events, while Scenario 1 offers a practical com-
promise between detection capability and real-time feasibility. Scenario 3 prioritizes
speed over precision, making it better suited for applications where high frame rates
are critical. Nevertheless, even at lower FPS, the system remains well within the
requirements for fall detection, as falls typically occur over several frames. Notably,
studies such as [28] have demonstrated that processing even a single frame per second
can yield effective results, achieving an accuracy of 96.9 %.

Scenario Accuracy Correct Detection Incorrect Detection
Fall videos ADL videos Fall videos ADL videos
Scenario 1 90.20 % 22 24 3 2
Scenario 2 96.08 % 24 25 2 0
Scenario 3 86.27 % 21 23 5 2

Table 5. YOLOv11-Seg model evaluation performance on test set (Videos set)

To further evaluate the effectiveness of our fall detection system, we tested the
three proposed scenarios using 51 test videos that included both fall events and
Activities of Daily Living (ADL). The performance of each scenario was assessed
by measuring correctly detected falls, correctly identified ADL videos, and incor-
rect detections (false positives and false negatives). The results are summarized in
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Table [5] The results indicate that Scenario 2 (Body Part Segmentation) achieves
the highest accuracy (96.08 %), correctly detecting the most fall and ADL videos
while exhibiting the lowest number of incorrect detections (2 false negatives and
no false positives). This suggests that fine-grained anatomical segmentation sig-
nificantly enhances the system’s ability to differentiate between falls and non-fall
activities, reducing the risk of misclassification. In contrast, Scenario 3 (Bound-
ing Boxes) demonstrates the lowest accuracy (86.27 %) with the highest number of
false negatives (5), indicating its inability to capture detailed body posture varia-
tions, leading to frequent misclassification of falls as non-fall activities. Scenario 1
(Whole Body Segmentation) offers a balanced trade-off between accuracy (90.20 %)
and computational efficiency but still results in some misclassifications (3 false neg-
atives and 2 false positives), highlighting its limitations in distinguishing complex
postural transitions. These findings emphasize the importance of fine anatomical
segmentation for enhancing fall detection accuracy while minimizing false positives
and false negatives.

5 ABLATION STUDY

In this section, we conduct an ablation study to analyse the impact of different
components within our proposed approach on the achieved results. We evaluate
four configurations: excluding Dice loss and Focal loss, excluding occlusion scenar-
ios during testing, and removing intersection algorithms (Table @ Using only Dice
loss leads to a noticeable decline in performance across all scenarios, with a stronger
impact on fall recall. In contrast, using only Focal loss results in a smaller perfor-
mance drop, particularly improving fall recall compared to Dice loss alone. This
confirms that their combination is essential for optimizing both fall and non-fall
detection.

Ablation Se Ace Fall No Fall

factor ’ " Prec. Rec. F1 Rec. Prec. F1
Dice loss 1 90.33 89.75 90.71 90.23 90.91 89.97 90.44
only 2 93.64 93.40 94.06 93.73 93.88 93.21 93.54
(A2 =0) 3 88.03 87.28 88.53 87.90 88.77 87.54 88.15
Focal loss 1 92.08 91.20 92.83 92.01 92.96 91.35 92.15
only 2 94.73 94.44 95.10 94.77 95.02 94.35 94.68
(M =0) 3 89.77 88.73 90.65 89.68 90.81 88.93 89.86
Without 1 94.72 93.08 96.42 94.72 96.42 93.08 94.72
consideration 2 96.84 96.19 97.54 96.86 97.51 96.14 96.82
of occlusions 3 9281 91.64 93.93 92.77 93.99 91.72 92.84
Without fall 1 88.93 8286 99.66 90.49 99.50 76.92 86.76
intersection 2 91.13 85.55 99.87 92.16 99.82 81.59 89.79
algorithms 3 86.96 79.94 99.50 88.65 99.29 73.78 84.65

Table 6. YOLOv11-Seg model evaluation performance on test set (Videos set)
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When occluded images are excluded from the test set (i.e., without consid-
ering occlusions), performance improves across all scenarios, particularly in Sce-
nario 1 (+1.34% in accuracy) and Scenario 3 (+1.75% in accuracy). This indi-
cates that the techniques used in these two scenarios are less effective at handling
occlusions compared to those in Scenario 2. Scenario 2 shows the smallest accu-
racy increase (+0.89%), as it was already efficient at detecting occlusions in the
baseline, reinforcing the advantage of body part segmentation in managing such
challenges.

Removing fall detection algorithms and identifying lying postures as fall situa-
tions results in a significant drop in precision, as many non-fall lying postures are
misclassified as falls. Fall recall increases dramatically (e.g., 99.5% in Scenario 3)
due to this overestimation, but the fall F1-Score decreases, demonstrating that ex-
plicit fall detection mechanisms (i.e., the three proposed algorithms) are critical
to minimizing false positives. Scenario 2 provides the most balanced performance,
suggesting that body part segmentation better distinguishes between intentional ly-
ing and accidental falls. In this configuration, we replaced intersection algorithms
with simpler detection techniques based on the posture of the detected person in
Scenarios 1 and 3, and the position of body parts in Scenario 2.

This ablation study highlights that body part segmentation (Scenario 2) offers
the best trade-off between fall and non-fall detection, while bounding boxes (Sce-
nario 3) struggle most with misclassifications. The results confirm that hybrid loss
functions and explicit fall detection mechanisms are essential for accurate and re-
liable fall detection in real-world scenarios. Additionally, this study demonstrates
that the techniques proposed in Scenario 2 enhance the fall detection process, par-
ticularly in complex situations often overlooked in the literature, such as occlusions
and distinguishing between different lying positions.

. Fall No Fall
Scenario Ace. Prec. Rec. F1  Prec. Rec. F1 FPS

YOLOv11-Seg (Sc. 1) 93.38 92.33 94.32 93.31 94.43 9248 93.44 13

U-Net++ (Sc. 1) 95.06 92.68 95.00 93.83 96.67 95.08 95.87 7.5
YOLOv11-Seg (Sc. 2) 9595 9549 96.49 9599 9643 9541 95.91 11
U-Net++ (Sc. 2) 96.97 95.89 97.22 96.55 97.83 96.77 97.30 6

Table 7. Performance comparison of YOLOv11-Seg and U-Net++

To further evaluate the effectiveness of our proposed YOLOv11-Seg-based fall
detection system, we compared its performance in Table [7] against an alternative
architecture — U-Net++ [29] — a model widely adopted in semantic segmentation
tasks and known for its strong performance in segmenting complex structures such as
organs and body parts. U-Net++, an advanced variant of the original U-Net archi-
tecture, introduces nested skip connections and deep supervision, which significantly
enhance boundary precision and contextual understanding — particularly valuable
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when segmenting fine-grained body parts. These characteristics make U-Net++
especially suitable for applications requiring detailed posture analysis, such as dis-
tinguishing between lying on furniture and actual falls. Both models were trained
on the same combined dataset using identical preprocessing, data augmentation
strategies, and class definitions, ensuring a fair and direct comparison. The com-
parison between YOLOv11-Seg and U-Net++ across Scenarios 1 and 2 highlights
a clear trade-off between segmentation accuracy and real-time performance. Sce-
nario 3, which relies on bounding box intersection (IoU) for fall detection, cannot
be implemented using U-Net or U-Net+-+ architectures. These models are designed
specifically for semantic segmentation and do not generate bounding boxes as part
of their output. Unlike YOLOv11-Seg, which provides both segmentation masks
and object detection outputs, U-Net-based architectures focus solely on pixel-wise
classification, making them incompatible with pipeline stages that require region
proposals or bounding box regression. Therefore, any system based on U-Net must
rely on full or fine-grained segmentation outputs, limiting its use to Scenarios 1
and 2. In Scenario 1 (Whole-body segmentation), YOLOv11-Seg achieves an accu-
racy of 93.38 %, with a fall Fl-score of 93.31 % and a no-fall Fl-score of 93.44 %,
operating at a real-time inference speed of 13fps. When U-Net++ is applied to
the same scenario, it demonstrates improved classification performance, achieving
an accuracy of 95.05% and a no-fall Fl-score of 95.87 %, indicating better contex-
tual understanding and boundary precision — particularly in distinguishing lying
on furniture from actual falls. However, its inference speed drops significantly to
7.5 fps, making it less suitable for real-time deployment. In Scenario 2 (Body part
segmentation), which introduces finer-grained analysis through individual body part
detection, YOLOv11-Seg improves its performance to an accuracy of 95.95 %, with
fall and no-fall Fl-scores of 95.99 % and 95.91 %, respectively, while maintaining
a frame rate of 11fps. U-Net++, benefiting from its advanced architecture and
nested skip connections, further enhances these results, reaching an accuracy of
96.97 % and a no-fall Fl-score of 97.30 %, demonstrating superior ability to model
complex postures and occlusions. However, its computational demands increase sig-
nificantly, limiting its inference speed to only 6fps. These findings highlight the
trade-off between segmentation accuracy and computational efficiency, reinforcing
the practical advantage of YOLOv11-Seg in real-world fall detection systems where
timely response, environmental context awareness, and architectural versatility are
essential.

6 COMPARATIVE STUDY

Our proposed approach, leveraging YOLOv11-Seg for fall detection using RGB cam-
era input, demonstrates superior robustness compared to existing methods by ad-
dressing critical real-world challenges often overlooked in the literature (Table .
While state-of-the-art models such as [6, [T, 13} [T5], [T6], [17] achieve high accuracy
(up to 99.93%) and precision (99.01 % in [6]), they fail to address occlusions and
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the critical distinction between a person lying on a bed (resting) versus the floor
(falling) — key factors for practical fall detection.

Ref. Input Dataset Occlu§1on Context Classifier Model per-
type handling  awareness formance
. RGB TASLAB, Recall:
i camera  URFD No Yes Proposed g3 374
MobiAct, TCN + Accuracy:

I MU gigran No No GRU 99.5 %

. RGB UP-Fall, CNN, Accuracy:

23] camera  ADLF No No GRU, ANN 96.7%

RGB Le2iFD, TCN, Accuracy:

13} camera  URFD No No LSTM 97.02%

. RGB Accuracy:

[16] camora UP-Fall No No CNN 99.93 %

RGB F1l-score:

[T camera UP-Fall No No ConvLSTM 97.68 %

. RGB MultiCam, . Recall:
[30] camera  Le2i Yes No ANN 89.92%

" UMAFALL, Accuracy:
1] MCU ppanp MO No CNN 97.91%
Our app- RGB Le2i, FDD, Yes Yes YOLOv11- Accuracy:
roach camera  local S Seg 95.95 %

Table 8. Comparison of fall detection methods

Studies like [7, [IT], 13, 15, [16], B1] which rely on LSTM, CNNs, STGCNs, and
TCNs, focus solely on detecting lying postures without contextual differentiation,
rendering them prone to misclassifications in complex scenes. Similarly, [6] achieves
high precision but suffers from lower recall (83.37 %) due to its reliance on a simplistic
height-based approach to determine whether a person is lying on a bed or the floor.
This method is highly sensitive to the person’s distance from the camera, leading
to misclassifications when depth variations affect perceived height. Consequently,
its reliability is compromised, limiting its ability to detect all fall events accurately.
Likewise, [30], while handling occlusions, fails to distinguish falls from resting states,
resulting in a modest recall (89.91%).

In contrast, our method integrates fine-grained whole-body and furniture seg-
mentation, enabling precise scene understanding and robust performance even in
the presence of occlusions. Trained and tested on diverse datasets (Le2i, FDD,
and a local dataset) — unlike the more limited datasets used in prior works (e.g.,
UP-Fall in [16] and [I7]) — our approach enhances generalizability. Although our
accuracy of 95.95 % is slightly below some benchmarks, this trade-off reflects the in-
creased robustness and practical applicability of our system. By effectively address-
ing scenarios that previous methods fail to handle, our approach is better suited for
deployment in uncontrolled environments.
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7 CONCLUSION

This paper presents a fall detection system that uses an RGB camera to identify fall
incidents while addressing challenges such as occlusions and distinguishing between
individuals lying on the floor versus a bed. Unlike conventional methods that rely
solely on body posture, our approach integrates segmentation and intersection anal-
ysis to accurately classify a person on the floor as a fall and on a bed as a non-fall.
We fine-tuned a YOLOv11-based segmentation model using a hybrid loss function
combining Dice loss and Focal loss to improve segmentation accuracy. The system
detects both the person and surrounding furniture, then calculates their intersection
to determine the likelihood of a fall. To enhance performance, we combined mul-
tiple datasets, yielding 23853 pre-processed images (containing 57 173 instances)
and 51 videos, with an evaluation set of 2385 images and 51 videos. Our model
achieved strong performance, with an accuracy of 95.95% and a fall Fl-score of
95.99 %, highlighting the effectiveness of segmentation-based intersection analysis
in reducing false positives.

While our approach markedly improves detection reliability, future work will
focus on deploying the model on edge devices for real-time processing, integrating
multi-camera setups to address occlusions, incorporating 3D pose estimation and
depth sensing for better fall differentiation, and adding temporal motion analysis
to enhance robustness. Additional directions include adaptive learning for real-
time model updates based on feedback, multimodal fusion with thermal or depth
sensors for improved detection in low-light conditions, energy-efficient AI models for
mobile applications, and a hierarchical alert system to prioritize critical falls while
minimizing false alarms. By addressing these aspects, our system can evolve into
a more intelligent, scalable, and efficient fall detection solution for elderly care and
healthcare monitoring.
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