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A B S T R A C T

Falls pose a significant risk to elderly people, patients with diseases such as neurological disorders, cardiovas-
cular diseases, and disabled children. This highlights the need for real-time intelligent fall detection (FD) systems
for quick relief leading to assisted living. The existing attempts are often based on multimodal approaches which
are computationally expensive due to multi-sensor integration. The computer vision (CV) based era for FD needs
the deployment of state-of-the-art (SOTA) networks with progressive enhancements to grasp falls effectively.
However, CV-based systems often lack the ability to operate efficiently in real-time and the attempts for visual
intelligence are usually not integrated at feasible stages of the networks. More importantly, the lack of large-scale
well-annotated benchmark datasets limits the ability of FD in challenging and complex environments. To bridge
the research gaps, we proposed an enhanced version of YOLOV8 for FD. Our research presents significant
contributions by addressing these limitations through three key contributions. Initially, a comprehensive large-
scale dataset is introduced which comprises approximately 10,500 image samples with corresponding annota-
tions. The dataset encompasses diverse environmental conditions and scenarios, facilitating the generalization
ability for the models. Then, progressive enhancements to the YOLOV8S model are proposed, integrating a focus
module in the backbone to optimize feature extraction. Moreover, the convolutional block attention modules
(CBAMs) are integrated at the feasible stages of the network to improve spatial and channel contexts for more
accurate detection, especially in complex scenes. Finally, an extensive empirical evaluation showcases the su-
periority of the proposed network over 13 SOTA techniques, substantiated by meticulous benchmarking and
qualitative validation across varied environments. The empirical findings and analysis of multiple factors such as
model performance, size, and processing time prove that the suggested network displays impressive results.
Datasets with annotations, results, and the ways of progressive modifications in the code will be available to the
research community at the link https://github.com/habib1402/Fall-Detection-DiverseFall10500

1. Introduction

Falls occur due to various causes which may happen either indoors or
outdoors. Tragically, some falls end with deaths or serious injuries.
These implications are especially notable among older adults regarding
their physical health and mental resilience. According to the World
Health Organization (W.H.O), Fall is a critical global public health
concern, with approximately 684,000 fatal falls occurring yearly.
Alarmingly, death rates are highest among adults aged 60 years and

older [1]. Unreported falls are a serious concern for the elderly and those
with limited mobility. While immediate assistance may mean the dif-
ference between a quick or prolonged and painful recovery. In addition,
undetected falls put pressure on healthcare resources and lead to more
expensive medical costs. Therefore, there is an urgent demand for reli-
able and intelligent fall detection (FD) system as it can profoundly in-
fluence the overall well-being of individuals, including elders. Precise
and timely FD can significantly assist the safety of human lives, partic-
ularly in healthcare facilities leading to assisted living. Hence, it is
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crucial to develop robust and effective FD systems to enhance the
standard of care, optimize resource allocation, and improve healthcare
results. Advances in FD technologies can revolutionize healthcare op-
erations, promote more independence among vulnerable groups, and
ultimately save loss of lives.

The current FD systems can be categorized into three main groups
[2]: ambient sensors, wearable sensor devices, and computer vision (CV)
based intelligent systems. Environmental sensor-based techniques
involve installing monitoring equipment in the living spaces of elderly
adults to gather data on pressure, vibration, and sound to identify po-
tential falls. However, these sensors typically installed in specific areas
of a living space, may provide limited coverage, as they are confined to
detecting falls within their designated range. Moreover, these systems
often lack the ability to capture contextual information surrounding falls
thus limiting the accuracy and reliability of detection [3]. Wearable
sensor devices offer an alternative, which requires users to affix gadgets
with magnetometers, gyroscopes, and accelerometers to their back,
chest, or waist. The sensor data is collected and analyzed to identify falls
in the elderly by tracking their movements [4]. However, these devices
require individuals to continuously wear specific gadgets, which may
not be practical or acceptable for all users, particularly older adults.
Furthermore, limited battery life necessitates frequent recharging or
battery replacements, which can be inconvenient for users [5]. On the
other hand, visual intelligence-based FD has become a central area of
research. In these systems, visual sensor data are analyzed to detect
sudden falls in real-time surveillance. Fixed cameras provide an unin-
terrupted power source for live surveillance, reducing the necessity of
using wearable equipment [6].

Among DL-based techniques, vision-driven utilizing regular or depth
camera data, such as CCTVs [7–11], constitute the primary strategies for
FD. Additionally, multimodal strategies combine data from both sensors
and cameras [12–15]. These approaches may offer better performance
by utilizing multiple sensors [15], which can lead to increased
complexity in data processing and interpretation [12]. Consequently,
these approaches encounter notable deployment challenges in real-
world applications. Conversely, vision-based systems are frequently
employed for passive area monitoring and fallen person detection. While
various conventional approaches have been proposed for real-time ob-
ject detection, these methods often struggle to accurately identify and
locate objects in complex environments [16]. The You Only Look Once
(YOLO) algorithms have gained prominence for superior performance in
different domains [17,18]. For instance, research [19] utilized the
YOLOv2 model to detect humans, leveraging pre-trained Convolutional
Neural Networks (CNNs) with the MS-COCO dataset. Another study [20]
proposed a YOLOV3-based method for FD, considering individuals in
frames, and the model was assessed using two datasets. Furthermore, an
assisted system introduced in the study [21] utilizes monocular cameras
and humanoid robots to manage fall risk. Additionally, the work [11]
suggested a YOLOV4-based network and they employed the UR FD
dataset. However, despite advancements, the absence of diverse samples
are observed for training which limits performance and scalability. Most
recently, [22] introduced a YOLOv7-fall model aimed at prompt FD, yet
their dataset need the inclusion of more diversity. As such, we prioritize
the vision-based state-of-the-art (SOTA) approach with progressive
technical modifications and diverse data in our research, recognizing its
potential for efficient and effective real-world deployment.

1.1. Limitations of the related literature

It is observable from the literature that multimodal techniques
[12–15] have the potential to improve performance by integrating
multiple sensors. However, they often demonstrate delays, impracti-
cality, and poor usability due to data integration from multiple sensors.
This presents significant difficulties in their implementation and di-
minishes their appropriateness for real-world applications and practical
use. Thus, research on the SOTA networks capable of detecting falls with

feasible real-time processing is the need of the day in the FD domain.
Moreover, the existing FD lightweight networks especially some from
the YOLO family [11,19–25] are not well trained on highly diverse data
as the samples are often recorded in homogenous environments which
hinders models from good generalization and learning in uncertain en-
vironments. These models usually face difficulty in adjusting to varia-
tional environments in real-time processing. Furthermore, it is
observable that researchers proposed a wide range of networks in the
SOTA YOLO family from YOLOV2 to V7 for FD [11,19,21-22,20,25].
However, an advanced YOLO version with progressive modifications to
detect challenging falls and to offer improved speed and accuracy over
YOLOv2-v7 is imperative in the domain. Additionally, the previous FD
datasets often face limitations, including minimal diversity in samples, a
limited visual representation of various age groups, insufficient
coverage of environmental conditions, a scarcity of high illumination
variations, insufficient consideration of diverse lighting conditions, and
a constrained diversity in attire representation. These limitations hinder
the generalizability of FD models to diverse populations, impacting their
real-world applicability. Therefore, the development of a large-scale
benchmark dataset with the inclusion of more diversities is also
needed for the research community in this domain. Moreover, current
SOTA FD methods are still under better development and need
improvement in proposing diverse data with progressive modifications
in the SOTA network to achieve better accuracy and reduce false alarms.

1.2. Offered contributions

• In response to the highlighted limitations of lacking a diverse dataset
in the FD domain, we developed a large-scale challenging FD dataset
that includes almost 10,500 images with corresponding annotations.
The proposed dataset covered a wide range of environments,
different lighting conditions, variations in fall angles, recording
samples from different ages of people, incorporating illumination
variations, and samples from indoor, and outdoor scenes. The dataset
includes diverse scenarios to ensure the adaptability of training FD
systems in various environments for real-time processing.

• We optimized the YOLOV8S object detection model for FD by inte-
grating a focus module in the backbone, and convolutional block
attention modules (CBAMs)at multiple stages. The enhancement of
replacing the convolution with the focus module allows the network
to process more spatial information in the early layers without
increasing computational costs. Moreover, the integration of CBAMs
at strategic stages significantly enhances the ability to focus on the
most relevant parts of the features. This multi-stage integration of
attention mechanisms improve the feature maps of different levels
ultimately boosting performance to detect falls across various scales
and complexities.

• We conducted a thorough empirical study using thirteen different
detection methods on two datasets. Our suggested network show-
cased both robustness and higher performance in comparison to
SOTA techniques, as evidenced by extensive evaluation and thor-
ough ablation assessments conducted on both established bench-
mark and proposed datasets. The results are visually validated by a
comprehensive qualitative analysis, which confirmed the effective-
ness of the attempts for progressive improvements.

1.3. Study outline

The remainder of this work is structured as follows. Section 2 con-
tains a detailed analysis of related work which contains two sub-
categories includingML-assisted sensors-based approaches and DL-
assisted visual intelligence-driven methods. In Section 3, a comprehen-
sive explanation of our network is provided from required technical
perspective. Section 4 presents the discussion on the proposed dataset,
empirical results, comparative analysis, and discussion. Section 5 con-
cludes the paper with a summary of the findings, their implications, and
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potential avenues for future research.

2. Related work

The relevant research in the FD domain can be largely classified into
two primary groups of approaches: ML-based approaches, and DL-driven
visual intelligence-driven techniques. ML methods are often subject to
statistical ways and the method of feature engineering to recognize
patterns that are relevant to falls [26]. On the other hand, DL-driven
visual intelligence techniques use complex neural network architec-
tures to retrieve complex features from visual samples, allowing for
more precise FD. These approaches have shown better results in recent
years, demonstrating considerable potential for improving the overall
FD systems [22,25]. Table 1 offers a thorough summary of the FD
methods employed in different research studies. The demonstrated ap-
proaches include a diverse set of methods, including SVM classification
algorithms, depth-based analysis, computer vision techniques, machine
learning algorithms, multimodal fusion approaches, and deep neural

networks-based SOTA approaches such asYOLO variations. These algo-
rithms have been assessed on various datasets using a range of sensors
including single cameras, Kinect’s infrared sensors, depth cameras,
wearable sensors, accelerometers, and IoT devices.

2.1. Machine learning assisted sensors based approaches

ML approaches are extensively utilized to predict falls in different
environments [27]. For instance, an ML-based study [28] used visual
frame data of URFD by utilizing various models and reported optimal
performance using SVM and KNN. Another ML-assisted work proposed a
3-D axial accelerometer integrated with a wearable 6LowPAN device
[29]. In order to achieve optimal performance in FD, the sensor data
undergoes processing and analysis using a decision tree-based model. In
the event of a detected fall, an alarm is triggered and the system quickly
responds by sending messages to the authorized organizations that
handle the situations. Furthermore, the work [30] used two datasets
Le2i and the SEIN for FD along with the SVM. The events were discov-
ered and the attributes were used as input for the classifier. Moreover,
the work [31] proposed a robust ML-based FD algorithm for elders. The
study proposed an ML method for detecting falls, with a focus on pre-
serving privacy and reducing interference time [32]. The approach
utilizes the encoding of skeletal features that represent the sequence of
consecutive frames, along with the use of an SVM classifier. The re-
searchers used a modified version of the cumulative sum (CUMSum)
technique to combine the individual assessments made on the successive
frames. They suggested employing the one-class classifier to recognize
low-quality skeletons.

Moreover, the work [33] proposed an intelligent method using a
sensor data approach. Their suggested network depends on accelerom-
eter data collected from a wristwatch. However, achieving excellent
precision is typically low since these devices are sensitive to interference
resulting from various movements. Another investigation [34] used a
gyroscope to measure acceleration and to recognize falls based on
angular velocity. Both devices are employed to estimate the variation in
values between leaping and falling rotations. In addition, the method
described in [35] utilized the smartphone’s integrated accelerometer,
which was supposed to be located in the front pocket, to gather SAM,
ZMean, and Xmean features. It is observable that they set the system so
that if the values of SAM, Zeman, and Xmean exceed the threshold, a fall
is automatically detected. The user’s location is immediately trans-
mitted to an alert center for prompt medical attention. In addition, the
research [36] proposed an FD by keeping in view thresholding tech-
niques. The researchers performed empirical analysis and investigations
on four different kinds of falls and eight distinct kinds of activities of
daily life using an integrated sensors setup that combines an inertial
sensor and a plantar-pressure measuring unit. The FD efficiency was
assessed by assessing the information collected using both the threshold
approach and the decision-tree technique.

2.2. Deep learning assisted visual intelligence based approaches

In recent years, DL-driven visual intelligence-based techniques have
become prevalent in FD [41]. Among these approaches, the YOLO ver-
sions have gained widespread adoption due to their superior real-time
performance [42,43]. For instance, YOLOv2 was employed in [19] to
detect humans in images, utilizing pre-trained weights. Afterward, the
YOLOv2 model was modified by fine-tuning the final layer using their
dataset, including 500 manually annotated images. Similarly, [20]
proposed a YOLOv3-based FD method capable of detecting multiple
individuals in frames. Another notable contribution [21] introduced an
assisted system for fall risk management, utilizing monocular cameras
and a humanoid robot. They suggested using a CV network to evaluate
the level of disorder in rooms containing single-lens visual sensors in a
place of residence. Furthermore, a socially accepted robo is involved to
improve communication between the resident and the system. This

Table 1
Comparative analysis of fall detection techniques in various studies of the
related literature. The PD defines that the dataset is the proposed in the paper.

Year and
Reference

Technique Dataset Senors

2012 [7] SVM classifier Realistic dataset Single camera
2014 [8] Depth-based 3D

bounding box
analysis

PD Kinect’s infrared
sensor

2014 [10]

Depth-Based
Computer Vision
Method Occluded FD dataset Depth camera

2018 [37] YOLO v2, UAV MS COCO, SCDS RGB

2019 [38]
Multimodal impact
features

Le2i FD database,
SEIN fall database

Monocular video
cameras

2019 [31]

SVM-based fall
detection
algorithm SisFall Wearable sensor

2019 [4]

Body feature
estimation
algorithm

UP-FD dataset,
SisFall: A Fall and
Movement Dataset.

Commodity
mmWave sensors

2019 [5]
Body posture angle,
SVM Real-time data MPU6500 sensor

2019 [35]
Enhanced
threshold-based 650 test activities

Smartphone built-
in accelerometers

2019 [34]

Multisensor fusion-
based, Logistic
regression

Real-time
accelerometer data

Tri-axis
accelerometer,
gyroscope

2019 [12]
Multimodal
Approach UP-FD Dataset

Wearable sensors,
Ambient sensors

2020 [39]
Region based CNN,
Transfer learning Le2i FDD RGB

2020 [36] Decision tree ADL data
Integrated sensor
system

2020 [20] CNN and SVM FPDS, SCDS RGB

2021 [15] Multimodal CNN UR Fall, UP-Fall
RGB images,
accelerometers

2021 [21] YOLOv3 SCDS
Monocular
cameras, robot

2022 [11] YOLO variants

UR Fall self-
annotated RGB
dataset Video camera

2022 [25] Modified YOLOv5s URFD dataset
Microsoft Kinect
cameras

2023 [14]

Multimodal data
fusion, federated
learning UP-Fall dataset

Wearable sensors,
cameras

2023 [40]
YOLOv5x,
YOLOv5s. CAUCA Fall

Webcam, IoT
devices

2024 [22]
YOLOv7-fall,
YOLOv7-tiny

Multiple cameras fall
dataset, UR FD
Dataset RGB images
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technology has been developed specifically for maximum adaptability,
rendering it highly suitable for easy integration into existing intelligent
settings. Furthermore, [11] proposed a YOLOv4-based network specif-
ically tailored for real-world FD, utilizing the UR FD dataset containing
approximately 1691 fall and 1731 normal samples. A fundamental
feature of the suggested approach is that it requires no environmental
sensors since it automatically recognizes falls in images from standard
visual sensors. The system performed the extraction of features using the
UR Fall self-annotated RGB dataset. Additionally, [25] presented an FD
network based on enhanced YOLOv5s. The study proposes a real-time
detection approach for detecting senior citizen fall behavior using a
modified version of YOLOv5s. The goal was to quickly determine
whether an old person has fallen, helping them to get prompt proper
care. The initial phase involves replacing the conventional basic

convolution with the asymmetric convolution blocks module in the
Backbone network to enhance its capacity for obtaining optimal fea-
tures. Next, they incorporated a spatial attention mechanism module
into the residual structure of the Backbone network to improve the
extraction of feature location information. The contributions are good in
the structure of YOLOv5. However, the lack of a diverse dataset for
training limited its performance and scalability. Different YOLO versions
with progressive modifications are deployed in CV tasks [44]. Most
recently, [22] introduced YOLOv7-fall with the claim of enhanced
feature extraction capabilities and reduced model parameters. However,
their training dataset also lacked high more diversity, consisting of only
4016 images. The limitations in the related literature collectively
highlight the need for diverse data and progressive enhancements in the
SOTA DL-driven visual intelligence-based approach for FD.

Fig. 1. Visual overview of the proposed FD network for assisted living of fallen persons.
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3. Proposed methodology

This section provides an overview of the proposed benchmark
dataset, the internal architecture of the proposed network, the feasibility
study, and the modifications applied to YOLOV8S for improved FD.
Fig. 1 illustrates the general overview of the training, testing, and
applicability of the proposed network, which is further elaborated in the
subsequent sub-section.

3.1. DiverseFALL10500: Diverse fall detection dataset

We significantly contributed to the FD domain by collecting and
annotating a large-scale benchmark dataset. After an extensive study of
the related literature, we included all the important aspects and factors
needed to contribute to a challenging benchmark in the domain. We
incorporated visual samples by considering key factors such as varying
illumination, diverse environments, age diversity, different clothing and
uniforms, and involving multiple participants in the data collection and
annotation process. It is observable that the previous attempts at
contributing datasets are valuable [45]. However, they often considered
the inclusion of uniform frames as shown in Fig. 7 which limits the
network to learn more in complex and uncertain visual environments.
The diversity of our data is shown in visual samples in Fig. 2. Table 2
shows the inclusion of multiple aspects of diversity and key features in
comparison with other datasets. Our dataset includes images from
people of diverse ages and detailed annotation protocols with rigorous
quality control measures. The data includes approximately 10,500 an-
notated images with 5806 samples of falls and 5132 instances of non-
falls. We considered the following necessary aspects after considering

the limitations of the literature to ensure the diverse collection of the
database:

• Various Backgrounds Inclusion: Acknowledging fall incidents
across diverse settings, our dataset integrates samples taken in in-
door and outdoor environments, encompassing a spectrum of con-
ditions and backgrounds. This deliberate inclusion of a
representative array of environmental factors aims to confront the
challenge associated with adapting FD models to diverse conditions.

• Illumination Variations: The dataset intentionally includes
changes in lighting conditions to make the model detect falls at
various levels of illumination. This feature can assist the model to
function efficiently in a wide range of situations. The images are
taken in different lighting conditions, such as artificial light,
daylight, and low light.

• Clothing and Attire Variability: We ensured an extensive selection
of clothing styles, colors, and diverse uniforms that the actors used to
present a realistic and versatile visual looks. This particular illus-
tration encourages an arrangement that is capable of recognizing
fallen persons throughout various visual contexts, boosting its ability
to change according to the demands of daily life.

• Multi-Participant Involvement: Multiple participants were
involved in the dataset creation process, adding a layer of variability.
This multiplicity reflects a collective understanding of different
perspectives, contributing to a well-rounded dataset that captures
the nuances of real-world fall incidents.

N
or
m
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ll

N
or
m
al
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ll

Fig. 2. Sample images of our newly proposed DiverseFALL10500 dataset for fall detection. The images show diverse representations of various environments.
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3.2. Feasibility of fall detection network

Object detection methods have become pivotal in various image-
related tasks [52,53], with recent advancements enabling efficient
localization of regions of interest. Particularly in FD, where precise
object localization and detection are crucial, existing methodologies
face challenges in balancing computational demands with performance.
The YOLO variants have emerged as prominent solutions, offering real-
time detection capabilities with enhanced performance [54]. Notably,
the evolution of YOLO models, from YOLOv1 to YOLOv8, witnessed
progressive modifications aimed at improving detection accuracy and
reducing model complexity [55]. In contrast to earlier YOLO versions till
version 4, YOLOv5 demonstrates improved detection performance, low
computational complexity, and model size, making it a practical choice
for resource-constrained devices. Each of these models refers to a unified
structure of networks that incorporates multiple key elements necessary
for optimal detection of objects. The layer that receives input includes
the role of preprocessing images by resizing them to a specific size and
leveling the pixel values. This takes place to make it simpler to perform
further processing. Additionally, the backbone unit provides the
fundamental foundation for obtaining features from input images, using
feature pyramid networks (FPN) for capturing representations at various
sizes. Furthermore, the neck module includes a sequence of layers
specially designed to combine data from different levels of the backbone
network, allowing the detailed feature representation. The prediction
using head components plays an important role in generating accurate
predictions, involving bounding box coordinates, confidence scores, and
class probabilities. These architectural components interact seamlessly
to provide strong detection of objects, as described in research in-
vestigations [56]. The YOLOv8 was announced as a recent enhancement
to the YOLO family. SOTA object detection models are highly promising
and feasible for detection tasks [57] due to their optimal performance
and real-time processing capabilities. However, they require adaptation
and fine-tuning on specialized diverse datasets to accurately grasp falls
even in challenging environments. Our investigation aims to boost the
accuracy and robustness of FD systems by improving the feasible
modifications.

3.3. YOLOV8 network architecture

YOLOv8 demonstrates exceptional detection performance and it
adopts a unique design framework that avoids the use of anchor boxes
[58]. It presents modifications in its elements compared to its prior

versions, with a majority of modules adopting the framework of
YOLOv5. The structure of YOLOv8 can be categorized into three sepa-
rate components: Backbone, Neck, and detection by head part, as seen in
Fig. 1. It is observable that YOLOv8 holds several important features
from YOLOv5, including the Contextual Spatial Pyramid (CSP) and the
Path Aggregation Network with FPN (PAN-FPN). However, YOLOv8
additionally makes major enhancements that set it distinct. In the
Backbone component of YOLOv5, the C3 module is replaced with a
single C2F module, but the rest of the modules generally remain
consistent with YOLOv5. The Neck component incorporates the PANet
configuration, which streamlines the vertical link by using two C2Fs.
Additionally, it maintains two C2Fs and two CBSs for the left and right
connections, resulting in a simplified structure for the Neck region. In
addition, the C3 module gets replaced with a C2f module, which boosts
the performance of the original 6 × 6 convolution in the backbone by
refining it to a more effective 3 × 3 convolution. Furthermore, the head
part utilizes an approach by segregating the detection and classification
heads [59]. We have optimized the YOLOV8S framework for precise as
well as efficient FD, overcoming the limitations of earlier research, and
taking motivation from enhancements regarding efficiency and infer-
ence time, especially in real-world applications. The solution that we
provide offers higher precision, a better capacity to detect in real-time,
flexibility, fewer false alarms, and lower computing complexity. Addi-
tionally, it provides the ability to detect falls in challenging environ-
ments as included in the proposed dataset.

3.4. Optimized proposed network

We introduce two progressive modifications designed to achieve a
high level of performance. More specifically, we incorporated the focus
module at the starting of the backbone to assist intermediate features.
Moreover, CBAMs areintegrated into YOLOV8S to boost and refine the
features before ultimate predictions. The aforementioned improvements
are further detailed in the following subsections.

3.4.1. Integration of focus module
In our network, we replaced the Conv block with the Focus module in

the backbone to enhance the feature extraction process. We incorpo-
rated the Focus module into the backbone to strengthen its extraction of
features for more accurate FD. It is observable that it initially appeared
in the YOLOv5 architecture [60]. The Focus module enhances the
model’s capacity for integrating spatial aspects by splitting the input
into four segments and merging them along the channel axis as shown in

Table 2
Comparison of datasets for human fall detection. The sign √ shows the incorporated features while the √ √ presents the high level of inclusion.

Year Dataset Sensors Labels
for
YOLO

Variable Visual
Appearances

Occlusion Variety in
fall angles

Light
Conditions

Age
Diversity

Clothing and
Attire
Variations

Background
Diversity

22,010 Multiple cameras
fall [46]

RGB – – √ – artificial – – √

2012 Le2i [47] RGB – – √ √ natural,
artificial

– – –

2014 SDUFall [48] Kinect – – – – natural,
artificial

– – –

2014 EDF&OCCU [10] Kinect – – √ – artificial – – –
2014 UR FD [49] Kinect – – – – artificial – – √
2016 FUKinect-Fall [50] Kinect – – – √ – – – √
2017 FD [51] RGB

Kinect
– – – √ natural,

artificial
– – √

2019 UPFall [12] RGB – – – √ natural,
artificial

– – √

2022 CAUCAFall [45] RGB √ – √ √ natural,
artificial, no

light

– – √

2024 DiverseFALL10500
(Ours)

RGB √ √ √ √ √ √ √ natural,
artificial,

night views

√ √ √ √ √ √

H. Khan et al.
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Fig. 3. In contrast to the Conv block, which may neglect complex spatial
details, the Focus module ensures that the following layers gain a more
comprehensive spectrum of information. This attempt enables improved
learning and generalization, particularly for intricate tasks such as FD. It
divides the high-quality feature maps, distinguishing them from tradi-
tional image downsampling techniques. The downsampled image is
subsequently transmitted into the backbone network. By slicing the
image, every pixel is given a value, similar to a nearest-neighbor down-
sampling technique. This preserves all of the initial information while
minimizing the dimensional parameters of the channel space. After the
slicing process, the downsampled image goes through a convolutional
execution, generating a feature map that is double the dimension of the
downsampled result yet preserves all of the original information.
Following that, the feature map is subsequently transmitted to the next
convolutional layer using batch normalization and an activation func-
tion. The conducted empirical analysis on the YOLOV8S network in-
dicates that the Focus unit improves the accuracy of the network. In
addition, the Focus module effectively manages computational effi-
ciency for faster inference with no mAP penalty.

3.4.2. Attention over attention
Attention mechanisms have demonstrated significant improvements

in performance across a range of visual intelligence tasks by effectively
refining relevant features [61,62]. We proposed integration of CBAMs in
the YOLOV8S architecture enhances its ability to focus on relevant
features by incorporating both spatial and channel attention mecha-
nisms. The backbone of the network begins with an early focus module
and then conv layers that gradually decrease the spatial dimensions
while simultaneously increasing the depth of the feature maps. After
these layers, other C2f modules carry more processing on the feature
maps at different resolutions. Additionally, there is a spatial pyramid
pooling layer capturing features. CBAMs are incorporated at multiple
points in the architecture to enhance the quality of the feature maps.
Initially, there are four stages in the backbone feature extraction mod-
ule. We utilized features from stages 2, 3, and 4, which have dimensions
with increasing numbers of channels and decreasing spatial resolutions.
In the neck module, we applied CBAMs along with other convolution
operations to these features as illustrated in Fig. 1. Finally, we obtained

three output features and passed them directly to the detection heads.
The final detection layer utilizes these enhanced features and integrates
the results from three separate scales to provide precise predictions. The
use of CBAMs ensures that the network can effectively emphasize key
features while suppressing irrelevant ones, resulting in improving
detection performance without a substantial increase in computational
complexity. Fig. 4 demonstrates the integration of channel and spatial
attention processes with skip connections.

3.4.2.1. Channel attention. In the context of object detection and clas-
sification tasks, CA helps the model to focus on channels that carry more
relevant information while suppressing less informative ones. CA typi-
cally operates through a series of computational steps. First, it computes
global average pooling and max pooling operations across each channel
of the feature map. These pooling operations aggregate channel-wise,
capturing the overall importance of each channel in representing
discriminative features. The resulting pooled values are then passed
through a shared multi-layer perceptron (MLP), which consists of fully
connected layers with nonlinear activations. The MLP enhances the
representation power by learning complex relationships between
channels. A sigmoid activation function processes the output of the MLP.
This transformed output serves as an attention map indicating each
channel’s importance. The attention map is applied element-wise to the
original feature map during inference. Channels are scaled according to
their corresponding attention values, effectively boosting informative
channels while attenuating less useful ones. By incorporating CA into the
network architecture, the model gains the capability to adaptively
allocate computational resources to channels that contribute most
significantly.

3.4.2.2. Spatial attention. SA is a critical component in enhancing the
spatial awareness of neural networks by selectively highlighting infor-
mative regions within feature maps. In tasks like, SA enables the model
to focus on spatial locations that are most relevant for accurately iden-
tifying and localizing objects of interest. The SA mechanism typically
operates through a sequence of computational steps. Initially, it com-
putes global max pooling and average pooling operations across the
channel dimension of the input feature maps. These pooling operations
aggregate spatial contexts, capturing the importance of each spatial
location in representing discriminative features. Following pooling, SA
applies a convolutional operation to the concatenated output of the
pooled features. This convolutional layer acts as a spatial filter, learning
to weight different spatial locations based on their importance. The
output of this convolutional layer is an attention map that assigns higher
values to significant spatial regions and lower values to less relevant
ones. During inference, the attention map generated by SA is multiplied
element-wise with the original feature map. This scaling operation
effectively enhances the representation of informative spatial locations
while suppressing noise and irrelevant background regions.

Fig. 3. Overview of the Focus module in the backbone.

Fig. 4. Visual illustration of the CBAM in YOLOV8S.
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Furthermore, we fuse the ultimately refined features with the interme-
diate features to provide progressive assistance. By integrating SA into
the network architecture, as depicted in our proposed network in Fig. 4,
the model gains the capability to adaptively focus on critical spatial
details crucial for precise FD.

4. Results and discussion

In this section, we offer an extensive breakdown of the experimental
setup, including hyperparameters, evaluation metrics, modules inte-
gration, ablation study, quantitative and qualitative results with
computational complexity analysis, and ultimately, the comparison of
our network’s performance with different versions. Different evaluation
metrics, including accuracy, precision, recall, F1-score, and mAP are
used to assess the performances of the conducted experiments. The
Precision-recall curve is visualized in Fig. 5 while the F1-confidence
curve can be seen in Fig. 6. It is important to note that the visualized
results are derived from a single split of the data. The final results
represent the average performance across five different splits, as speci-
fied in the ablation study.

4.1. Experimental setting and hyper-parameter selection

The experiments were conducted on a system equipped with an Intel
(R) Core(TM) i9-10,900X CPU @ 3.70GHz, featuring 10 cores and 192
gigabytes of random access memory. Training of the models was facil-
itated using an NVIDIA GeForce RTX 4090 graphical processing unit
with 24 gigabytes of onboard memory. The development and training of
proposed network was executed within the PyTorch framework on a
Windows 10 platform. Several essential libraries were used to facilitate
network development and training, including Seaborn, tqdm, NumPy,
Scikit-learn, Pandas, Matplotlib, and Pillow. Various configurations of
epochs, batch size, optimizer, and learning rate were explored during
the conducted experiments. The most optimal results were obtained
using 100 epochs and an input image size of 640 × 640. A batch size of
10 was selected to balance computational efficiency and network per-
formance. For optimizer selection, Stochastic Gradient Descent (SGD)
was chosen as experimentally validated, and specific hyperparameters
were fine-tuned to enhance network convergence and performance.
Experimental results and related literature in the FD domain came

together to establish these hyperparameters. It is worth mentioning that
the SGD optimizer was set up with the specific parameters: Momentum
= 0.937, learning rate = 0.001 (after empirical validation), and Weight
decay = 0.0005. The thorough choice of the conditions for experimen-
tation and hyperparameters played an important role in attaining the
optimal possible accuracy of the suggested network.

4.2. Datasets utilized and splitting

This section focuses on the datasets that were utilized in our research
and the approach we applied to divide them into three categories:
training, validation, and testing sets. The proposed DiverseFALL10500
dataset includes a diverse collection of images showing falls and normal
complex images taken in different real-life environments. The proposed
large-scale benchmark dataset presents a comprehensive representation
of various environmental conditions as elaborated in the Table 2. The
inclusion of various environmental and illumination conditions is effi-
cient in ensuring the training of networks on diverse data. The data
possesses a total of 10,500 images, with each image having an appro-
priate annotation as discussed in section 3.1. During the training phase,
70% of the data is fed to train network, 20% goes for validation, and the
remaining 10% is set aside for testing. The second database CAUCAFall
comprises 10 people contributing to falls and activities of daily living
inside a real-life domestic location. The dataset features the inclusion of
various environmental variables like changes in illumination and
various textures. The data is organized into folders that are detailed to
different subjects and each group has systematic labeling. The dataset is
a good contribution to the FD domain to train new systems for detecting
falls. However, the homogenous frames could limit the generalization of
the model. Similar to DiverseFALL10500, this data is divided according
to the established criteria for training, validation, and testing.

4.3. Evaluation parameters

The assessment of the proposed network is based on essential object
detection metrics such as mAP, precision (Pr), recall (Re), and F1-score
(F1). These metrics are well acknowledged in the field of object detec-
tion and are precisely specified mathematically in the following equa-
tions, as explained in [22].

Fig. 5. Precision-recall curve of the proposed network.
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Pr =
TP

TP+ FP
(1)

Re =
TP

TP+ FN
(2)

TP denotes true positives, meaning correct predictions; FP defines
false positives, which signifies an incorrect identification; and FN in-
dicates false negatives, showing a failure to identify.

F1 = 2×

(
Pe × Re
Pe + Re

)

(3)

AP =
∑c

i=1
Pr(j)×ΔRe(j) (4)

mAP =
1
2
∑n

i=1
APi (5)

4.4. Results analysis

This section provides a comprehensive analysis of the results ob-
tained from the experiments conducted with the proposed FD network.
It includes quantitative evaluations, ablation studies, qualitative anal-
ysis, and an assessment of computational complexity, offering insights
related to the model’s performance, effectiveness, and practical feasi-
bility in real-world scenarios.

4.4.1. Ablation studies
We practiced an ablation study to assess the result of different

components in our proposed network. Table 4 presents the findings of
our ablation investigation, exhibiting the efficiency measurements with
modifications that incorporate certain modules. Upon examining the
proposed dataset, we see a consistent improvement in performance in-
dicators as we include additional modules into the fundamental
YOLOV8S structure. Initially, the base YOLOV8S network achieves an
mAP of 0.920. Upon incorporating the focus module into the backbone,
denoted as YOLOV8S + Focus, we observe a slight improvement in mAP
to 0.923. Subsequently, integrating the CA module into the neck en-
hances performance, resulting in an mAP of 0.927. With the integration

of the SA module, the network achieves an mAP of 0.928. Finally, our
complete model, which incorporates both the focus and the CBAM
module at the specified stages, achieves the highest mAP of 0.935,
demonstrating the synergistic effect of these modules on FD accuracy.
Similar trends are observed when evaluating the CAUCAFall dataset,
with incremental improvements in performance as additional modules
are integrated. The base YOLOV8S model achieves an mAP of 0.9950,
which increases marginally to 0.9951 by adding the focus module.
Integrating the CA module further yields the same mAP of 0.9951.
Finally, our complete proposed network achieves the highest mAP of
0.9954, underscoring the effectiveness of incorporating both the focus
and CBAM modules. It is important to mention that to ensure reliable
and robust results, we performed experiments using five distinct random
splits of the proposed dataset. Each division was used for both training
and testing our network. We presented the average performance of these
studies to provide a thorough assessment of the accuracy of the network.
These results underscore the importance of each module in contributing
to the overall performance of our network. The ablation study provides
valuable insights into the individual and combined effects of these
modules on FD accuracy, validating the efficacy of our proposed
enhancements.

4.4.2. Quantitative evaluations
In the quantitative analysis, we provide two types of results which

include the comprehensive comparison of various SOTA FD models,
shedding light on their performance across two distinct datasets: Our
developed Diversefall10500 and CAUCAFall dataset [45]. Our analysis
incorporates a comprehensive assessment of well-established baseline
models, where we thoroughly reimplemented 13 different detection
models to evaluate the effectiveness of our methodology. Table 3 pre-
sents a detailed breakdown of key metrics, including mAP, Precision, F1-
score, and Recall, for each model on both datasets. Among the models
evaluated, our proposed modification to the YOLOV8S architecture
stands out, achieving the highest mAP of 0.935 on the proposed dataset
and an impressive 0.9954 on the CAUCAFall benchmark. These results
significantly surpass those of other models, underscoring the efficacy of
our approach in enhancing FD performance. It is observable that the
superior performance of the CAUCAFall dataset is evident from the
tabulated results. However, it can be visually seen from Fig. 7 that the
recorded visual samples often exhibit a high degree of homogeneity.

Fig. 6. F1-Confidence curve of the proposed network.
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This homogeneity poses a limitation on the model’s ability to generalize
effectively, particularly in diverse environmental and background con-
ditions. It’s noteworthy that while several models, such as YOLOv5s and
YOLOv8m, demonstrate competitive performance, they fall short of our
proposed network in terms of mAP and other evaluation metrics. This
highlights the importance of the modifications we introduced, including
the integration of the focus module in the backbone and the progressive
integrations of CBAMs, which contribute to the superior performance.
Our choice of YOLOV8S as the base model for incorporating these
modifications was strategic, considering its strong performance as well
as its suitability for real-time FD applications. The robustness and effi-
ciency of the YOLOV8S architecture provide a solid foundation for
integrating advanced techniques aimed at improving FD accuracy. The
impacts of these findings are substantial for the advancement of FD
systems, especially within medical settings where immediate action
could minimize the possibility of major damages.

4.4.3. Qualitative analysis
We present the visualized outcomes from two distinct angles: First,

we exhibit the performance of our network on both datasets, illustrated
in Fig. 8. Secondly, we offer a visual comparative analysis with existing
models, as shown in Fig. 9. It is noteworthy that the first three visual
samples in each row of Fig. 9 depict falls, while the remaining two depict
normal instances. Our network effectively grasps fall regions in images,
exhibiting a commendable mAP score. For evaluating network perfor-
mance, we compare our results with four SOTA models: Faster R-CNN,

YOLOv3, YOLOv5, and YOLOv8. Notably, our network achieves supe-
rior performance with detection scores reaching 82%, 79%, 83%, 85%,
and 88% mAP values on Faster R-CNN, YOLOv3, YOLOv5, YOLOv8, and
our network, respectively, as illustrated in the first column of Fig. 9. The
results indicate that while Faster R-CNN outperforms YOLOv3, it comes
with higher computational costs. In the second column, our network
surpasses Faster R-CNN, YOLOv3, YOLOv5, and YOLOv8, exhibiting
higher detection scores, surpassing them by 16%, 20%, 13%, and 11%,

Table 3
Quantitative analysis of different SOTA object detection models using the proposed FD and benchmark CAUCAFall datasets.

S No Model DiverseFALL10500 CAUCAFall

mAP Precision F1-score Recall mAP Precision F1-score Recall

1 Faster R-CNN 0.831 0.837 0.813 0.809 0.9903 0.9891 0.9902 0.9924
2 yolov3 0.842 0.848 0.827 0.809 0.9912 0.9904 0.9916 0.9931
3 yolov4 0.825 0.818 0.801 0.794 0.9896 0.9901 0.9898 0.9913
4 yolov5n 0.870 0.810 0.839 0.852 0.9924 0.9921 0.9935 0.9942
5 yolov5s 0.906 0.895 0.878 0.845 0.9932 0.9943 0.9954 0.9961
6 yolov5m 0.848 0.850 0.825 0.807 0.9911 0.9914 0.9923 0.9927
7 yolov5l 0.858 0.805 0.813 0.837 0.9926 0.9925 0.9934 0.9942
8 yolov5x 0.834 0.769 0.797 0.829 0.9898 0.9892 0.9903 0.9906
9 yolov8n 0.863 0.810 0.822 0.837 0.9925 0.9921 0.9923 0.9935

10 YOLOV8S 0.920 0.895 0.879 0.851 0.9950 0.9977 0.9976 0.9978
11 yolov8m 0.899 0.880 0.868 0.851 0.9949 0.9948 0.9952 0.9950
12 yolov8l 0.871 0.855 0.856 0.845 0.9947 0.9941 0.9914 0.9932
13 yolov8x 0.903 0.885 0.874 0.853 0.9945 0.9937 0.9941 0.9953
14 Proposed network 0.935 0.900 0.884 0.859 0.9954 0.9982 0.9981 0.9984

in
do

or
fa
ll

in
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no
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Fig. 7. Sample images of CAUCAFall dataset.

Table 4
Ablation study of our network with the integration of different modules.

Model mAP Precision F1-
score

Recall

Proposed
Dataset

YOLOV8S 0.920 0.895 0.879 0.851
YOLOV8S +

Focus
0.923 0.896 0.879 0.852

YOLOV8S + CA 0.927 0.898 0.880 0.855
YOLOV8S + SA 0.928 0.899 0.883 0.858

Proposed
network

0.935 0.90 0.884 0.859

CAUCAFall YOLOV8S 0.9950 0.9977 0.9976 0.9978
YOLOV8S +

Focus
0.9951 0.9978 0.9976 0.9979

YOLOV8S + CA 0.9951 0.9979 0.9978 0.9980
YOLOV8S + SA 0.9953 0.9978 0.9980 0.9981

Proposed
network

0.9954 0.9982 0.9981 0.9984
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Table 5
Comparison of five different YOLOv8 variants using various optimizers and learning rates experimented on our proposed dataset.

Learning Rate (0.001) Learning Rate (0.0001)

OP Model mAP Precision F1-score Recall mAP Precision F1-score Recall

Adam

YOLOv8n 0.907 0.862 0.869 0.841 0.894 0.868 0.860 0.840
YOLOV8S 0.881 0.879 0.853 0.837 0.901 0.890 0.859 0.840
YOLOv8m 0.892 0.851 0.834 0.819 0.913 0.847 0.874 0.847
YOLOv8l 0.905 0.838 0.868 0.850 0.898 0.892 0.874 0.846
YOLOv8x 0.919 0.865 0.861 0.820 0.912 0.845 0.864 0.830

AdamW

YOLOv8n 0.864 0.853 0.858 0.816 0.884 0.845 0.857 0.847
YOLOV8S 0.894 0.876 0.871 0.843 0.906 0.884 0.876 0.834
YOLOv8m 0.916 0.887 0.864 0.838 0.864 0.857 0.852 0.839
YOLOv8l 0.903 0.848 0.843 0.849 0.916 0.864 0.867 0.849
YOLOv8x 0.913 0.894 0.881 0.856 0.916 0.885 0.877 0.847

Nadam

YOLOv8n 0.884 0.883 0.876 0.837 0.903 0.885 0.878 0.832
YOLOV8S 0.904 0.872 0.874 0.841 0.916 0.897 0.863 0.848
YOLOv8m 0.915 0.880 0.858 0.849 0.902 0.893 0.880 0.835
YOLOv8l 0.877 0.873 0.867 0.842 0.902 0.853 0.872 0.844
YOLOv8x 0.916 0.865 0.867 0.843 0.901 0.872 0.857 0.825

Radam

YOLOv8n 0.881 0.832 0.837 0.847 0.853 0.893 0.865 0.844
YOLOV8S 0.893 0.875 0.873 0.832 0.905 0.876 0.878 0.849
YOLOv8m 0.912 0.883 0.877 0.851 0.892 0.864 0.849 0.851
YOLOv8l 0.902 0.871 0.876 0.852 0.914 0.882 0.850 0.834
YOLOv8x 0.914 0.872 0.875 0.842 0.893 0.875 0.871 0.831

RMSProp

YOLOv8n 0.882 0.872 0.856 0.842 0.881 0.893 0.860 0.833
YOLOV8S 0.873 0.882 0.851 0.823 0.881 0.892 0.868 0.824
YOLOv8m 0.883 0.862 0.869 0.831 0.844 0.871 0.863 0.844
YOLOv8l 0.882 0.863 0.866 0.828 0.883 0.861 0.873 0.846
YOLOv8x 0.901 0.894 0.875 0.844 0.892 0.883 0.861 0.844

SGD

YOLOv8n 0.882 0.855 0.859 0.847 0.891 0.887 0.849 0.839
YOLOV8S 0.920 0.895 0.879 0.851 0.919 0.897 0.879 0.852
YOLOv8m 0.875 0.893 0.857 0.821 0.914 0.895 0.871 0.849
YOLOv8l 0.883 0.862 0.873 0.824 0.892 0.872 0.868 0.842
YOLOv8x 0.882 0.883 0.863 0.842 0.883 0.884 0.867 0.853

Proposed network with SGD 0.935 0.90 0.884 0.859 0.928 0.899 0.878 0.855

Table 6
Comparing five different YOLOv8 variants using various optimizers and learning rates experimented on CAUCAFall benchmark.

Learning Rate (0.001) Learning Rate (0.0001)

OP Model mAP Precision F1-score Recall mAP Precision F1-score Recall

Adam

YOLOv8n 0.9948 0.9958 0.9966 0.9975 0.9948 0.9981 0.9966 0.9952
YOLOV8S 0.9947 0.9954 0.9966 0.9968 0.9946 0.9956 0.9967 0.9978
YOLOv8m 0.9948 0.9972 0.9969 0.9965 0.9945 0.9963 0.9967 0.9971
YOLOv8l 0.9948 0.9971 0.9966 0.9961 0.9945 0.9970 0.9968 0.9966
YOLOv8x 0.9944 0.9950 0.9959 0.9969 0.9937 0.9943 0.9957 0.9971

AdamW

YOLOv8n 0.9947 0.9971 0.9966 0.9960 0.9946 0.9973 0.9967 0.9961
YOLOV8S 0.9946 0.9957 0.9965 0.9974 0.9947 0.9967 0.9965 0.9963
YOLOv8m 0.9944 0.9958 0.9965 0.9972 0.9941 0.9960 0.9965 0.9969
YOLOv8l 0.9943 0.9972 0.9974 0.9975 0.9942 0.9971 0.9972 0.9973
YOLOv8x 0.9937 0.9950 0.9960 0.9970 0.9931 0.9944 0.9961 0.9979

Nadam

YOLOv8n 0.9947 0.9966 0.9972 0.9977 0.9945 0.9967 0.9970 0.9973
YOLOV8S 0.9945 0.9956 0.9961 0.9966 0.9948 0.9959 0.9963 0.9967
YOLOv8m 0.9946 0.9961 0.9961 0.9960 0.9945 0.9970 0.9964 0.9957
YOLOv8l 0.9944 0.9946 0.9961 0.9977 0.9943 0.9964 0.9962 0.9959
YOLOv8x 0.9944 0.9965 0.9964 0.9963 0.9939 0.9948 0.9958 0.9969

Radam

YOLOv8n 0.9947 0.9962 0.9969 0.9976 0.9946 0.9980 0.9974 0.9967
YOLOV8S 0.9945 0.9956 0.9961 0.9966 0.9946 0.9949 0.9962 0.9975
YOLOv8m 0.9945 0.9962 0.9959 0.9956 0.9944 0.9944 0.9962 0.9981
YOLOv8l 0.9943 0.9964 0.9965 0.9966 0.9941 0.9956 0.9966 0.9976
YOLOv8x 0.9943 0.9966 0.9966 0.9966 0.9939 0.9940 0.9956 0.9973

RMSProp

YOLOv8n 0.9942 0.9919 0.9936 0.9953 0.9946 0.9944 0.9946 0.9948
YOLOV8S 0.9949 0.9956 0.9942 0.9929 0.9944 0.9935 0.9943 0.9951
YOLOv8m 0.9945 0.9955 0.9944 0.9933 0.9948 0.9963 0.9952 0.9942
YOLOv8l 0.9949 0.9963 0.9957 0.9951 0.9949 0.9962 0.9968 0.9973
YOLOv8x 0.9946 0.9896 0.9927 0.9958 0.9949 0.9957 0.9969 0.9981

SGD

YOLOv8n 0.9947 0.9962 0.9956 0.9949 0.9947 0.9965 0.9956 0.9948
YOLOV8S 0.9950 0.9977 0.9976 0.9978 0.9952 0.9981 0.9974 0.9981
YOLOv8m 0.9942 0.9938 0.9950 0.9962 0.9942 0.9924 0.9952 0.9980
YOLOv8l 0.9949 0.9957 0.9964 0.9971 0.9949 0.9954 0.9967 0.9981
YOLOv8x 0.9949 0.9970 0.9974 0.9976 0.9949 0.9969 0.9974 0.9979

Proposed network with SGD 0.9954 0.9982 0.9981 0.9984 0.9953 0.9982 0.9977 0.9981
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respectively. Similarly, in the third column of Fig. 9, our network ach-
ieves a higher detection score compared to the runner-up YOLOv8.
Moreover, in the fifth column of Fig. 9, our network outperforms the
runner-up YOLO models with a marginal increase of 4% on normal in-
stances. These visual illustrations highlight that the proposed network
grasps the falls and normal patterns effectively even in challenging
environments.

4.4.4. Technical analysis of optimizers, and learning rates
The tabulated results (Tables 5 and 6) offer a comprehensive com-

parison of various YOLOv8 variants trained on both datasets, along with
our proposed network. Contrary to the common assumption that larger
model variants consistently outperform smaller ones, our findings
challenge this notion. Despite the larger size of YOLOv8x, our network
consistently outperforms it across all evaluated metrics for both

Table 7
A comparison of the proposed network with different YOLOv8 versions,
considering GFLOPs, parameters, FPS, and model size (MS), mAP of the pro-
posed dataset represents (mAP (1) and (2).

Methods GFLOPs Parameters FPS MS mAP
(1)

mAP
(2)

YOLOv8x 258.5 68,229,648 83.81 130.53 0.903 0.676
YOLOv8I 165.7 43,691,520 69.74 83.70 0.871 0.652
YOLOv8m 79.3 25,902,640 98.27 49.70 0.899 0.633
YOLOV8S 28.82 11,166,560 130.92 21.53 0.920 0.718
YOLOv8n 8.86 3,157,200 117.99 6.23 0.863 0.584
Proposed

network
7.30 11,550,110 126.00 22.22 0.935 0.744

A

B

Fig. 8. Qualitative samples taken from some of the challenging results of our network outputs using the proposed dataset (A) and CUCAFall dataset (B), with
bounding boxes annotated by class name and confidence scores.
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Fig. 9. A visualized comparison among the proposed network, YOLOv8, YOLOv5, YOLOv3, and Faster R-CNN over our proposed dataset to assess the robustness of
the network.
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datasets, including mAP, Precision, F1-score, and Recall. This suggests
that factors beyond model size, such as architecture design and training
strategy, significantly influence performance in object detection tasks
across diverse datasets. The choice of optimizer emerges as a critical
factor influencing model performance, especially when considering the
nuances of different datasets. While certain optimizers may exhibit su-
perior performance for specific YOLOv8 variants and learning rates on
the proposed dataset, the trend may differ for the other dataset. How-
ever, our network demonstrates robustness to optimizer choice,
consistently achieving remarkable results with the suggested optimizer
used. The findings clearly demonstrate the influence of the learning rate
on network performance. Generally, greater learning rates result in
better results on both datasets, as seen by the consistent upward trend
noticed across several metrics. Our proposed network surpasses the
different versions of YOLOv8 on both datasets, highlighting the signif-
icance of our network across various data distributions. These results
enhance understanding of performance and provide valuable insights
for selecting suitable structures, optimization methods, and learning
rates that are customized to specific datasets.

4.4.5. Computational complexity
The computational complexity of the proposed network with per-

formance metrics, is presented in Table 7. This tabulated results com-
pares our network with different versions of YOLOv8 in terms of
GFLOPs, parameters, FPS, model size (MS), and mAP. Our network
highlighted in bold demonstrates competitive computational efficiency
with a GFLOPs value of 7.30, indicating efficient utilization of the in-
tegrated modules to strike a balance between computational resources
and optimal performance. Despite this efficiency, our network maintains
a relatively high level of mAP on both datasets, outperforming all other
YOLOv8 variants. It is observable that on the proposed dataset, our
network achieved an mAP of 0.935, and an mAP of 0.744 on a 0.5
threshold. In terms of network size, our network exhibits a compact
parameter count of 11,550,110, comparable to YOLOV8S. This desig-
nates an optimized network that achieves better performance without
requiring excessive computational resources or sacrificing efficiency.
Additionally, our network achieved an admirable FPS of 126.00, certi-
fying real-time processing abilities appropriate for time applications.
The high FPS empowers rapid inference, allowing the network to process
even video streams efficiently. Overall, the outcomes highlight the su-
perior performance and computational efficiency of our proposed FD
network compared to existing versions.

5. Conclusion

This study presented significant advancements toward effective fall
detection (FD) systems, especially for risky individuals such as impaired
children, the elderly, and those with neurological problems. Through
the execution of incremental improvements, we enhanced the capability
of the proposed network to accurately detect falls in difficult and im-
mediate situations. The incorporation of an extensive dataset, including
more than 10,500 samples, provides a solid foundation for the training
FD network. The data comprises a wide range of environmental condi-
tions, to ensure the well generalized performance in real-life situations.
In addition, our enhancements including the integration of a focus
module in the backbone and a attention over attention mechanism in the
neck module, significantly improve the features and the comprehension
of spatial and channel contexts. The empirical analysis of our proposed
network shows its higher performance in comparison to state-of-the-art
methods. This is demonstrated by rigorous benchmarking and qualita-
tive validation performed in different scenarios. The network’s
outstanding precision and computing speed indicate its capacity for
practical use in assisting at-risk persons in their daily lives. Our future
plans include examining the use of multi-modal sensor data by giving
lightweight pipelines to improve understanding of fall incidents by
considering multi-sensor data. In addition, we aim to further augment

our dataset with a wider array of more challenging circumstances of
different weather effects to ensure adaptability in practical settings.
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[45] J.C.E. Guerrero, E.M. España, M.M. Añasco, J.E.P. Lopera, Dataset for human fall
recognition in an uncontrolled environment, Data Brief 45 (2022) 108610.

[46] E. Auvinet, C. Rougier, J. Meunier, A. St-Arnaud, J. Rousseau, Multiple cameras fall
dataset, DIRO-Université de Montréal, Tech. Rep. 1350 (2010) 24.

[47] I. Charfi, J. Miteran, J. Dubois, M. Atri, R. Tourki, Optimized spatio-temporal
descriptors for real-time fall detection: comparison of support vector machine and
adaboost-based classification, J. Electron. Imag. 22 (4) (2013) 041106.

[48] X. Ma, H. Wang, B. Xue, M. Zhou, B. Ji, Y. Li, Depth-based human fall detection via
shape features and improved extreme learning machine, IEEE J. Biomed. Health
Inform. 18 (6) (2014) 1915–1922.

[49] B. Kwolek, M. Kepski, Human fall detection on embedded platform using depth
maps and wireless accelerometer, Comput. Methods Prog. Biomed. 117 (3) (2014)
489–501.
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