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Abstract

Natural hazards tend to occur suddenly and may cause serious impacts on property,
infrastructure, and human lives. Conventional disaster detection systems that potentially
collect disaster information using human reporting mechanisms and sensor-based systems,
can cause delays in initiating important response activities. To overcome these existing
gaps, we present an Enhanced Disaster Detection System (EDDS) that utilizes YOLOv8
and OpenCV for real-time analysis and monitoring. The EDDS adopts YOLOvVS8 for visual
recognition of disaster indicators, including fire, smoke, flooding, and debris, from live
video streams from CCTV or drone cameras. YOLOvVS's rapid and precise detection
capability aligns perfectly with OpenCV's real time frame processing and enables prompt
detection of and alert generation in emergency events. Given the performance
characteristics of high accuracy and low latency, our proposed model will improve public
safety and expedite readiness for assistance for public safety resources as evidenced by
experimental work, and is demonstrated evidence this is a viable option for smart city
monitoring and operational disaster management infrastructure.

Keywords: YOLOvVS, OpenCV, deep learning, computer vision, disaster detection, and rescue
operations.

1.Introduction

In the last 10 years, landslides, earthquakes, fires, floods, and other catastrophes, both
manmade and natural, have become more frequent and severe. The frequency of these
catastrophes has skyrocketed in recent years because of many factors, including unplanned
urbanization, deforestation, and rising global temperatures. Disasters can cause a wide-
ranging effects: economic setbacks, loss of life, so thorough damage to infrastructure [1].
According to the World Disaster Report (2024), hundreds of large sized catastrophes occur
worldwide each year and they are particularly traumatic in poorer countries due to
inadequate emergency response structures and lack of preparedness [2]. In these situations,
timely detection and decision making is crucial in minimizing destruction and supporting
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recovery and relief efforts.

Traditional approaches to monitoring disasters include satellite imaging, ground sensors,
and manual observation. All these systems offer utility, but they have drawbacks. Sensor
based methods provide only localized ability to monitor and often fail during extreme
types of weather or during power outages [3]. Although satellite imaging offers large-scale
monitoring capabilities, low refresh rates and time delays limit it functionality. Manual
observation can potentially introduce human-error and delay, particularly in conditions
with many hazards present or when out at night [4].

The progress in artificial intelligence (AI) and computer vision (CV) technology has
opened up new possibilities for disaster monitoring and emergency management.
Recently, Convolutional Neural Networks (CNNs) have been highlighted as deep learning
models that are promising to accurately process complex visual input [5][6]. The You Only
Look Once (YOLO) framework has received considerable attention among these
approaches due to its ability to detect multiple objects simultaneously [7]. The model's
single-stage processing architecture allows it to locate and classify objects within one
single pass through the image, which allows for faster and is more appropriate for real-time
detection and early warning systems.

Many papers have focused on developing Al-based techniques for identifying specific
types of a disaster. Some papers have developed CNN-based models for the identification
of smoke and fire in video surveillance [8]. Other researchers have developed techniques
for flood water segmentation, landslide detection, and the assessment of structure damage
using deep learning methods [9], [10]. However, most of these studies are focused either
on specific disaster types and/or are not developed for the real-time identification of
multiple hazards in a dynamic situation. Furthermore, many of the technology relies
heavily on cloud infrastructure, or expensive computing power, many methods developed
in the studies above would be infeasible in an on-site rescue situation.

By combining the YOLOvV8 model—the most advanced and recent version of the YOLO
series—with OpenCV, a well-known open-source computer vision library, this study
creates an Enhanced Disaster Detection System. The technology can immediately identify
early warning signs of disasters like fire, smoke, water overflow, or debris movement by
tracking live video streams from security cameras or drones. In order for emergency
response teams or other authorities to act quickly in the event of a potential issue, the
technology instantly creates visual indicators on the screen. YOLOvVS provides excellent
detection accuracy with little processing latency, while OpenCV enables efficient frame
management, noise reduction, and display of detection results.
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This paper describes an Enhanced Disaster Detection System by amalgamating the most
up-to-date and significantly improved YOLOvV8 model of the YOLO family with the well-
known open-source computer vision library OpenCV. This technology will have the
capability of detecting early warnings of disasters, such as fire, smoke, water overflow, or
movement of debris that may indicate potential disaster scenarios in real-time from live
video streams captured by drones or security cameras. The technology produces prompts
on the screen to alert Emergency Response Teams or authorities immediately to provide
the response time necessitated by the situation. YOLOvS provides a high-level detection
accuracy and a minimal time delay in processing capabilities while using OpenCV to utilize
frames efficiently as well as monitor low-light frames in order to reduce noise and provide a
visual for detected results.

2.Literature Review

This section reviews the literature on the subjects at hand in terms of image processing,
disaster detection, and real-time monitoring using computer vision and artificial
intelligence methodologies. The discussion is arranged into four categories: traditional
methods, deep-learning methods, the integration of IoT and UAVs, and the intersection of
edge computing.

Table 1 : Summary of Literature Review Themes

Category Focus Area

Conventional Approaches | Traditional image processing techniques

Deep Learning Based| Traditional image processing techniques
Strategies

IoT and UAYV Integration CNNs, R-CNN, YOLO, and other modern Al models
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2.1Early Approaches to Disaster Detection

The initial attempts at detection work made use of simple image-processing methodologies,
such as motion tracking, background subtraction, and basic color filtering. These
established techniques operated on either static image video frames and relied on a visual
signal of the event of interest, such as flood, smoke, or fire, to be used as the detection
signal. As related to image analysis of fire detection, earlier (or the original) fire detection
methodologies often identified a flame-like area identified in the RGB or HSV segmented
color images. These detection methods were effective in timing and computational
processing, but were overly sensitive to external conditions such as lighting or
environmental movement and gave false positives.

In the same body of work, simple globe-based flood detection research simply use edge-
extraction methods and texture based methods to interpret the water surface based on edge
features seen in nearby land signatures. However, preparing the environment of these
methods, and while less important to contextual function of operational and environmental
conditions, detracted from the accuracy and reliability of these methods. The inability to
generalize and to scale due to the limited parameters rendered the methods difficult to use
under various conditions for large areal or distributed real-time monitoring systems during
disasters.

2.2 Emergence of Deep Learning and YOLO Models

The emergence of deep learning and Convolutional Neural Networks (CNNs) has yielded
significant advancements in both accuracy and reliability, for systems that detect disasters.
CNNs have automated the spatial and semantic feature extraction from image data,
reducing reliance on subjective human parameter adjustment [7], [8].

The You Only Look Once (YOLO) series of models has developed robust methods for
real-time object detection. The literature reviews conducted by Kang et al. [2] and Ramos
et al. [4] of YOLOvVI through YOLOVS, showed substantial improvement in architectures
that increased speed and accuracy for inference. The follow-up works YOLOv7 and
YOLOVS8 continue this trend concerning the backbone networks, and incorporated anchor-
free techniques to increase accuracy for detection of small and overlapping targets. These

advancement will be particularly crucial in complex scenarios to record areas of impact
caused by flooding, debris, or fire [9]-[12].

Other authors have successfully utilized CNN-based models to detect burning fuel and
smoke in video feeds under various lighting and weather conditions [9]-[14]. Additionally,
Sharma et al. [16] and Li et al. [18], used similar processes, incorporating satellite and
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drone footage, to detect landslides and floods.

Table 2: Overview of Deep Learning and YOLO-Based Disaster Detection Advances

Aspect Description

CNN Role Feature Extraction
YOLO Evolution Model Enhancement
Disaster Use Hazard Detection

Key Studies Research Contributions

2.3 Integration with IoT and UAV-Based Systems

There is a growing interest among researchers to carry out integration of Unmanned Aerial
Vehicles (UAVs), the Internet of Things (IoT), and Artificial Intelligence (Al) to improve
disaster monitoring and management systems. This integration will allow for the
collection of environmental and visual data, which will allow for improved modeling of
disaster detection, improved accuracy, and improved flexibility. IoT devices such as
sensors and smart cameras can provide real-time collection of temperature, humidity, air
quality, and ground vibrations. High-resolution aerial video and images can be captured
by UAVs in coordination, of large and hard to access areas, to provide crucial situational
support for disaster response and rescue readiness [19]-[25].

UAVs have also been shown to be quite effective specifically in disasters when responding
to and assessing the disaster impacts. Following disasters, Singh et al. [21] and Gupta et
al. [27] used drone images and deep learning models to detect failed structures and locate
Survivors.

The UAYV, as an aerial perspective, improves situational awareness of rescue teams and
assists in mapping hazardous regions compared to ground-level only methods.

In consideration of all these actions, it is clear that an effective multi-source model and an
effective integrated disaster detection model stems from the integration of computer vision
models, 10T, and UAVs. This effort will aid in continued continuous real-time monitoring
over large geographic distances.
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Figure -1 Integration lot and UAV
2.4 Edge Computing and Lightweight Implementations

Lately, edge computing has been acknowledged as a practice for enhancing the
responsiveness of real time hazard detection and mitigating delay. Deep learning
algorithms on embedded devices can allow the system to be operationally independent of
reliable cloud servers and high speed access.[30]-[38].

Lightweight versions of YOLO have been studied on devices like the Raspberry Pi and
NVIDIA Jetson Nano by Zhang et al.[33] and Patel et al.[38]. Both revealed the ability for
tiny deep learning models to achieve nearly competitive accuracy and take video streams as
input locally; moreover, they produced a latency sufficiently low as to support real time
detection. They are particularly beneficial for applications in resource poor networks, or in
remote locations where reliable cloud connectivity can not be guaranteed.

2.5 Research Gaps and Motivation

While several advancements have been made, most of the current approaches focus on
static datasets or single- disaster detection. Studies that combine real-time analysis, quick
alarm generation, and multiple types of disasters in a unified framework are scarce.
Moreover, many have limited viability in the field due to reliance on costly hardware or
burden on processing loads [39], [40].
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To address these challenges, the present study introduces an Enhanced Disaster Detection
System that combines YOLOv8 with OpenCV. The combination allows for using cost-
effective, accessible hardware for low-latency alarm generation, accurate detection of
diverse disaster indicators and efficient frame processing. The proposed framework
represents a pragmatic, economical, and scalable approach to the real-world
function of disaster management and rescueoperations.

3.Methodology

The Enhanced Crisis Detection System, which is designed as a modular framework, can
take live video feeds and send immediate alerts when it detects a crisis. The system
overview explains that the whole process consists of four main steps: data input,
preprocessing, detection, and alarm generation.

3.1Data Input

The system receives a continuous video stream from either surveillance or drone-mounted
cameras located in an area prone to disaster. The video cameras offer the capability to
capture visual cues such as fire, smoke, overflowed water, and damage to a structure due to
their wide field of view. Both fixed and airborne cameras may be deployed as appropriate
for the monitoring area. The video streams are the mechanism by which information will
be measured on a frame-by-frame basis for later displaying input for additional processing.

3.2Preprocessing

Video frames are preprocessed using a number of OpenCV procedures to produce
consistent quality and better performing models before analyzing the frames. Each frame
is also resized to a predetermined resolution to maintain constant input dimensions for the
model architecture specified in YOLOv8. Noise reduction filters are used to reduce
background distractions associated with moving light or camera strain and lighting artifacts.
Color normalization techniques are also applied to balance contrast and brightness
dynamically so that the model is correctly able to discriminate disaster cues across
situational environmental factors. These pretreatment techniques help improve detection
reliability and reduce computational cost during real time inference.

3.3 Detection Model

The detection module uses a state-of-the-art real-time object detection framework, the
YOLOvVS8 algorithm. The model is trained on a bespoke dataset that includes annotated
photographs of disaster aspects such as smoke, fire, floodwater, and debris. YOLOvVS
analyzes each video frame, identifies relevant items, and then assigns a bounding box with
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a corresponding confidence score to establish the certainty of identification. By enabling
the simultaneous localization and classification of several objects in a single pass, the
model's architecture significantly lowers latency. Using GPU acceleration can result in
faster inference rates, which is crucial for time-sensitive applications like emergency
response.
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3.4Alert Generation

After the detection module identifies a disaster-related event and the confidence
threshold value is passed, the alarm mechanism is triggered automatically. Visual
indicators, such as color coded bounding boxes or warning overlays, appear immediately
on the monitoring screen. Notification messages can be sent at the same time to a control
dashboard or emergency management application through an embedded communications
interface to allow authorities to make decisions quickly to minimize any loss or harm, and
receive firsthand information in real time.

3.5System Architecture and Integration

Designed to effectively run to run on ordinary computing hardware and CPU or GPU
configurations. The modular design makes it easy to connect to other platforms, including
cloud dashboards, Internet of Things sensors, and emergency alerting networks. The
system's versatility affords it use in disaster response facilities, in community-based
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monitoring networks, or in smart city infrastructure.

4.Experimental Setup

The goal of this experiment was to determined the efficacy of the Enhanced Disaster
Detection System (EDDS) and the reliability of using the system in real-world scenarios.
To achieve this goal, we utilized the model training and testing an extensive dataset
consisting of nearly 8,000 annotated images of fire, smoke, flooding, debris and structural
damage. These images were specifically selected to exhibit differences in the lighting,
backgrounds, and severity of each disaster to maximize the model’s exposure to visual
instances. Each image included class labels and bounding boxes designating the affected
areas of the image. To further enhance the model’s generalizability and to reduce
overfitting multiple techniques of data augmentation, such as rotation, flipping, scaling and
brightness were utilized during the preprocessing phase and in total generated almost
32,000 training images.

Training was done on a system with an Intel Core i7 processor with 16 GB of RAM and
the deep learning framework also used an NVIDIA GPU to assist in processing co-
computing, which overall greatly enhanced the processing speed and overall efficiency of
the study. The model was developed with YOLOvVS implemented in PyTorch, with training
parameters set to 100 epoch, a batch size of 16, learning rate was 0.001 and the model
input resolution was set to be 640 x 640 pixels.

5.Result or Discussion

To facilitate handling complex computations during the training process, a performant
workstation with an Intel Core i7 CPU, 16 GBs of RAM, and an NVIDIA GPU was
established. Two major aspects of using GPU- acceleration were increased training time,
as well as efficiency when including the iterative training process of the model.

The application environment used the PyTorch deep learning framework due to its
versatility and its compatibility with the architecture of YOLOVS. The dynamic computing
graph and modular structure of PyTorch provides a more convenient way to change the
parameters of a model quicker, and create a training environment to monitor the training
behavior interactively. The full implementation of YOLOvVS8 was added to the workstation
so that if end-to-end training of the framework was possible for the purpose of assessment.
Specifically, this included the non-maximum suppression parameters, confidence
thresholds, and anchor boxes that were all adjusted automatically.
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Table 3: Training Workflow and System Optimization Overview

Component Key Function

GPU Processing Backpropagation & convolution-heavy tasks

CPU & RAM Role Data loading & preprocessing pipeline

System Optimizations | Mixed-precision & parallel data loading

Model Outcome Faster convergence with stable accuracy

6.Conclusion and Future Scope

The study suggested an improved disaster detection system that generates accurate, near
real-time disaster detection capabilities (e.g., fire, floods, landslide, and debris) using the
intelligent object detection platform YOLOvV8 and OpenCV libraries. The model is
realizable in the real world with near real-time accuracy, fast detection speeds, and low
computational and memory burden. The results provided confidence that the system can
continuously analyze video streams and notify emergency responders in a timely manner.
The costs of implementing the model are also minimized through OpenCV's capabilities to
manipulate images flexibly and YOLOvVS8's near real-time detection capabilities on
commercially available hardware.

The suggested work is timely and provides another option of an Al-enabled disaster
management system and responds to the demand for cost-effective speed, scale, and
affordability. While typical monitoring frameworks will offer limited monitoring with
small amounts of human oversight, this work can offer indefinite monitoring. The system's
modular format allows it to be easily integrated into existing systems and infrastructure,
including smart-city surveillance networks, remote sensing, and IoT- or edge-based
systems.

Future Scope:

The system can be developed in quite a few ways. For example, multimodal data (e.g.,
satellite data, or drones that can provide thermal imaging, or LiDAR) would enhance
detection in environments that present challenges for detection (e.g., smoke, poor visibility,
etc.). Cloud and edge computing would facilitate scaling of the system to support the
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tracking of many regions at one time, or both cloud and edge computing could be used to
develop predictive analytics with the use of machine learning algorithms to try to predict
disaster events based on environmental trends that would provide detection as well as
prevention. Other features that could enhance locating victims, includes voice-activated
notifications or geolocation tracking to streamline the search process.

The Al-based disaster detection system is applied using computer vision technology in
genuine emergency situations, is realistic, flexible, and effective. If these technologies are
adapted and integrated into local, state and national disaster response systems, they could
save a considerable number of lives and thousands of dollars lost from future disaster
events.
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