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Abstract - Falls are one of the most common and
dangerous problems in industrial areas and open spaces,
often causing serious injuries and safety issues. It's hard
to detect falls quickly and exactly, especially when using
devices that have limited power and processing ability.
To solve this, this paper introduces YOLOvI10-Fall, a
deep learning system designed to detect falls in real time
in outdoor areas with no clear structure. The system uses
the YOLOv10 model, which is better at recognizing
shapes and context while still being lightweight for
quicker processing. The model has a simpler main part
and a better detection part to improve accuracy and
reduce the amount of processing needed. This means the
system can spot falls accurately even in tough situations
with changing light and busy backgrounds. Testing on
standard fall detection datasets shows YOLOv10-Fall has
better accuracy, higher mean Average Precision (mAP),
and faster processing speed than earlier models like
YOLOvV7-tiny. These improvements make it a good
choice for real-time smart security and safety monitoring
systems.
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1. INTRODUCTION

Falls are a major public safety concern and one of the
leading causes of injuries and fatalities, particularly
among industrial workers, elderly individuals, and
people unmonitored  outdoor
Immediate detection and response to fall incidents are

in environments.
essential to reduce severe health consequences, improve
safety outcomes, and minimize healthcare costs.
Traditional fall detection systems commonly rely on
wearable sensors such as accelerometers and gyroscopes
to detect sudden body movements. Although these

systems can capture motion data effectively, they
require users to continuously wear devices, which may
lead to discomfort, low compliance, and limited
scalability in large surveillance environments. In
addition, manual monitoring of surveillance cameras is
labor-intensive, time-consuming, and prone to human
error.

Recent advancements in artificial intelligence and
computer vision have enabled automated fall detection
using video-based monitoring systems. Deep learning
models, particularly those based on the YOLO (You
Only Look Once) object detection framework, have
gained significant attention due to their ability to
perform accurate object detection with real-time
processing capabilities. Earlier versions such as
YOLOvV3, YOLOvS, and YOLOV7 improved detection
efficiency, but they still face challenges in complex
real-world environments where lighting variations,
occlusions, and dynamic human movements affect
detection performance.

To address these limitations, this work proposes
YOLOv10-Fall, an enhanced fall detection framework
built on the latest YOLOvV10 architecture. The proposed
system utilizes advanced features such as anchor-free
detection, improved feature extraction, and efficient
model design to achieve high detection accuracy and
faster inference. These improvements make YOLOv10-
Fall suitable for real-time deployment smart
surveillance systems and industrial safety monitoring

in

applications.
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2. Body of Paper
2.1 Literature Survey

Several studies have been conducted to improve object
detection and deep learning-based vision systems for
real-time applications. Zheng et al. (2022) explored the
integration of geometric factors into object detection
and instance segmentation models. Their work
emphasized the importance of spatial relationships,
object shapes, and orientations in improving detection
accuracy, particularly in complex scenes. By
incorporating geometric cues into the learning process,
the model achieved better localization and segmentation
performance.

Wang et al. (2020) introduced CSPNet (Cross Stage
Partial Network), a CNN backbone designed to improve
learning efficiency and reduce computational complexity
in deep networks. The architecture divides feature maps
into multiple groups and processes them partially before
merging, enabling better gradient flow and efficient
feature extraction. This approach significantly improves
model  performance while maintaining
computational cost, making it suitable for real-time
detection systems.

lower

2.2 Proposed Methodology

The proposed framework integrates the advanced
YOLOV10 deep learning architecture with real-time
video surveillance to enable accurate and efficient fall
detection in outdoor and industrial environments. The
system is designed to improve detection accuracy,
reduce latency, and support deployment on edge
devices.

A. YOLOVvV10-Based Fall Detection

The proposed system utilizes the YOLOv10 object
detection model, which introduces an anchor-free
detection mechanism and improved feature extraction
capabilities. Unlike traditional anchor-based detection
methods, the anchor-free approach simplifies the
detection pipeline and improves object localization
accuracy.

The framework consists of the following components:

. Lightweight backbone
. Anchor-free detection
* Decoupled detection head

The system begins by capturing video input through
surveillance cameras. The video stream is divided into
frames, and each frame is processed by the YOLOv10
model to detect human objects. The model extracts

network
mechanism

spatial features using convolutional layers and predicts
bounding boxes around detected persons.

A predicted bounding box can be represented as:

B = (x,y,w,h)

where X ¥represent the center coordinates of the

detected object and W: irepresent the width and height of
the bounding box.
The detection accuracy 1is evaluated using the

Intersection over Union (IoU) metric:

Area of Overla
foll = f d

Area of Union

Higher IoU values indicate more accurate object
localization.

B. Fall Event Identification

After detecting human objects in the frame, the system
analyzes body posture and movement patterns to
identify fall events. The model is trained using fall
detection datasets containing activities such as standing,
walking, sitting, bending, and falling.

The YOLOv10-Fall model distinguishes fall events
from similar non-fall activities by analyzing spatial and
contextual features of human posture. When a sudden
change in body position is detected, the system classifies
the activity as a fall event.

The performance of the detection system is evaluated
using standard classification metrics.

Precision
p . TP

Teclwsion = m
Recall
Recall 7TP

A = TP L EN
Accuracy

TP+ TN

Accuracy =

TP+TN+ FP+FN

where TFrepresents True Positives, FFrepresents False
Positives, FNrepresents False Negatives, and TN
represents True Negatives.

C. Real-Time Monitoring and Alert Generation

When a fall event is detected, the system generates an
alert that can be sent to monitoring personnel or
emergency response systems. The lightweight
architecture of YOLOV10 enables efficient execution on
edge devices such as embedded Al cameras and
smart surveillance systems. This allows continuous
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monitoring without relying on high computational
resources or cloud-based processing.

The proposed framework provides a scalable and
reliable solution for real-time fall detection in safety-
critical environments such as industrial workplaces,
public areas, and elderly care facilities.

3. System Architecture

[l VA1) Mot
st e en

The figure illustrates the workflow and architecture of
the proposed YOLOv10-based fall detection system.
On the left side, the dataset is prepared and divided into
training, validation, and testing images along with
their corresponding labels, which are defined in the
data.yaml configuration file. These images are then
provided to the YOLOv10 model, where the backbone
network extracts important visual features, the neck
(PAN/FPN) combines multi-scale features, and the
detection head performs classification and bounding
box regression. During training, the model learns to
distinguish between fall and non-fall classes and saves
the trained weights as best.pt and last.pt files. On the
right side of the figure, during inference, an input image
is passed through the trained model, which detects the
fall event and displays the result with a bounding box
and confidence score (e.g., Fall 0.75) around the
detected person. This pipeline enables efficient and
real-time fall detection for
systems.

smart surveillance

3.1 Workflow of the Proposed System
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Warkflow of the Proposed System (YOLOVIG Based Fall Detection)
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Step 1: Dataset Collection and Preparation

Images or video frames containing fall and non-fall
activities are collected. The dataset is annotated with
bounding boxes and divided into training, validation,
and testing sets. A configuration file (data.yaml) is
created to define dataset paths and class labels.

Step 2: Data Preprocessing

The collected images are resized, normalized, and
formatted according to the requirements of the
YOLOvV10 model. Data augmentation techniques such as
flipping, scaling, and rotation may be applied to improve
model generalization.

Step 3: Model Training using YOLOv10

The prepared dataset is used to train the YOLOvV10
object detection model. The backbone extracts visual
features, the neck (PAN/FPN) combines multi-scale
features, and the detection head predicts bounding
boxes and class probabilities for fall detection.

Step 4: Model Weight Generation

During training, the model saves weight files such as
best.pt (best performing model) and last.pt (final
trained model), which are used for evaluation and
deployment.

Step 5: Inference / Fall Detection

In the detection stage, the trained model processes new
input images or real-time video frames. The model
analyzes the scene and identifies whether a fall event
has occurred.
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Step 6: Output Visualization and Alert Generation

The system displays the detection results with bounding
boxes, class labels, and confidence scores around the
detected person. If a fall is detected, the system can
trigger alerts or notifications for quick response.

Step 7: Performance Evaluation

The model performance is evaluated using metrics such
as precision, recall, Fl-score, and mean Average
Precision (mAP) to measure the accuracy and reliability
of fall detection.

4. Result and Discussion

Table 1: Performance results of the Proposed
Yolov10 Fall Detection Model

Metric Value
Precision 0.94
Recall 0.92
F1-Score 0.78
mAP@0.5 0.79

mAP@0.5:0.95 0.72

Description:

Table I shows the evaluation metrics of the proposed
YOLOV10 fall detection system. The model achieves
high precision and recall, indicating accurate detection
of fall events while minimizing false detections. The F1-
score represents the balance between precision and
recall, while mAP values demonstrate the overall object
detection performance of the model.

Table 2: Comparison of different Object Detection
Models for Fall Detection

Method Backbone Dataset mAP@0.5

Faster RCNN  ResNet-101 Ll 0.73
Dataset

SSD ResNet:50 Lol 0.75
Dataset
Fall

YOLOvV7 CSPDarknet 0.77
Dataset
Fall

YOLOvVS CSPDarknet 0.78
Dataset

Proposed Fall

YOLOV10 CSPNet  pyaset 77

Description:

Table II presents a comparison between the proposed
YOLOV10 model and other object detection algorithms
used for fall detection. The results show that the
proposed model achieves improved mean Average
Precision (mAP) compared with traditional detection
models. This demonstrates that the YOLOvV10
architecture provides better accuracy and efficiency
for real-time fall detection in surveillance systems.

5. CONCLUSIONS

In this research work, a smart surveillance system for
fall detection based on the YOLOv10 model has been
proposed and implemented. The system uses deep
learning—based computer vision techniques to analyze
video frames and detect fall events in real time. By
utilizing the advanced features of the YOLOvV10
architecture, the model is able to identify falls
accurately even in complex outdoor environments.

The experimental results show that the proposed system
provides high detection accuracy and fast processing
speed, making it suitable for real-time safety
monitoring. This work highlights the importance of Al-
based surveillance systems in improving public safety
by automatically detecting fall incidents and enabling
timely response.

FUTURE SCOPE

In the future, the proposed system can be improved by
integrating temporal models such as LSTM or 3D
CNN s to better analyze motion patterns and distinguish
falls from similar human actions. The system can also be
enhanced by using multi-modal sensors like depth or
thermal cameras to improve detection in challenging
environments. Additionally, developing a real-time
monitoring dashboard and extending the system to
detect other abnormal activities can further expand its
applications in smart surveillance systems.
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