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Abstract

Wildfires are a growing threat due to climate change, causing significant damage to ecosystems, property, and
human lives. Effective detection systems are critical for prompt intervention and damage mitigation. This survey
explores advances in fire and smoke detection, emphasizing the role of machine learning and computer vision
techniques such as Convolutional Neural Networks (CNNs) and YOLO object detection models. Recent
approaches leverage multi-source data, including satellite imagery, drone feeds, and ground sensors, to enhance
detection accuracy and scalability. Key contributions include lightweight models such as FireNet for loT
applications, real-time smoke detection frameworks, and hybrid systems integrating traditional and Al-based
techniques. Despite notable progress, challenges remain, such as false positives, environmental variability, and
computational limitations in resource-constrained environments. This paper reviews these advancements,
evaluates their limitations, and identifies promising research directions for developing robust and scalable
wildfire detection systems.
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Introduction

Wildfires pose a significant threat to ecosystems, human lives, and infrastructure worldwide. The increasing frequency
and intensity of wildfires, driven by climate change, deforestation, and prolonged droughts, highlight the urgent need
for effective detection and prevention strategies. In recent years, wildfire incidents have caused massive environmental
and economic damage, leading to severe air pollution, destruction of biodiversity, and loss of human and animal life.

Traditional wildfire detection methods, such as human surveillance from watchtowers, satellite imaging, and thermal
sensors, have played a crucial role in early warning systems. However, these methods have notable limitations, including
delayed response times, high operational costs, and the inability to monitor vast forested areas in real time.

Advancements in artificial intelligence (Al), particularly machine learning (ML) and deep learning (DL), have
revolutionized wildfire detection. The use of Convolutional Neural Networks (CNNs), object detection models like
YOLO (You Only Look Once), and sensor-based monitoring systems has significantly improved accuracy and response
times. These Al-driven methods can analyze satellite images, drone footage, and 10T sensor data to detect fire outbreaks
with high precision.
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This paper provides a comprehensive survey of recent innovations in wildfire and smoke detection, focusing on Al-
driven detection methods, loT-based sensor networks, and hybrid approaches. It explores cutting-edge deep learning
models, multi-sensor fusion techniques, and real-time monitoring frameworks designed to enhance wildfire

detection capabilities. Additionally, this study identifies the key challenges faced by current systems, such as false
positives, environmental variability, and computational constraints, while highlighting promising future research
directions for developing more efficient and scalable wildfire detection solutions.

Literature Review

Wildfire detection has evolved significantly, with researchers exploring various methodologies, including traditional
approaches, machine learning (ML), deep learning (DL), and sensor-based systems. Traditional detection methods, such
as fire lookout towers and satellite monitoring, often suffer from delayed response times and high false positives. Modern
Al-driven techniques leverage computer vision, loT-based sensors, and hybrid systems to improve accuracy and real-
time response. This section reviews key advancements in wildfire detection, incorporating insights from ten significant
survey studies.

> Traditional Wildfire Detection Methods

Traditional wildfire detection relies on human surveillance, thermal imaging, and satellite-based monitoring. Goncalves
et al. (2024) highlighted the limitations of traditional methods, emphasizing their slow response times and susceptibility
to environmental variations [1]. Traditional fire lookout towers and human patrols are labor-intensive and prone to
human error, making them inefficient for large-scale fire monitoring. Jadon et al. (2019) examined satellite-based fire
monitoring, noting its limited real-time capabilities due to long revisit times and cloud cover issues [2]. While satellite
imaging provides a wide-area perspective, it often suffers from delays, making early fire containment challenging.
Muhammad et al. (2019) further investigated thermal imaging techniques, identifying their inability to distinguish fires
from other heat sources, making them less reliable under varying atmospheric conditions [3]. This limitation often results
in false alarms and delayed response times, reducing the overall effectiveness of thermal detection.

> Machine Learning and Deep Learning Approaches

ML and DL models have significantly enhanced wildfire detection through automated feature extraction and real-time
processing. Aslan et al. (2019) demonstrated the effectiveness of CNN-based models in detecting smoke and fire patterns
from satellite and drone images, improving classification accuracy [4]. These models have enabled real-time fire
detection with high precision, even in complex environmental conditions. Hossain et al. (2019) introduced a static image
feature-based fire detection model, highlighting its ability to reduce false positives using color, texture, and shape
analysis [5]. Their study shows that incorporating texture-based recognition enhances fire detection accuracy, even in
visually noisy backgrounds.

Zhang et al. (2018) proposed a method for synthetic data generation using R-CNN models, demonstrating how GAN-
generated images can improve the generalization of wildfire detection models, especially in low-light conditions [6]. By
using artificially generated datasets, the study addressed the challenge of data scarcity, which often limits deep learning
models. Mahdi et al. (2022) conducted a comparative analysis of decision trees, support vector machines (SVMs), and
neural networks (NNs), concluding that ensemble learning techniques provide higher detection accuracy
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and robustness [7]. The study highlights that combining multiple ML models reduces false positives and improves
adaptability across different fire-prone environments.

Al-Smadi et al. (2023) evaluated various YOLO models for wildfire smoke detection, finding that YOLOv4 and
YOLOV5 provide a balance between speed and accuracy, making them ideal for real-time deployment on edge devices
[8]. YOLO-based models have been particularly useful in detecting wildfires from aerial imagery, reducing detection
lag and increasing response efficiency. Frizzi et al. (2021) explored semantic segmentation techniques for fire detection,
showing that pixel-wise classification enables precise localization of fire outbreaks, even under partial occlusions [9].
Their approach ensures accurate segmentation of fire and smoke regions, reducing misclassification in complex scenes.

> Sensor-Based and Hybrid Approaches

Sensor-based and hybrid models enhance detection reliability by integrating visual, thermal, and environmental data.
Mahmud et al. (2024) investigated Uncrewed Aircraft Systems (UAS) for wildfire surveillance, highlighting how drones
equipped with infrared and multispectral cameras can detect smoke trends in remote and inaccessible regions [10]. UAS-
based fire detection offers rapid deployment capabilities, making it effective in covering vast and high-risk wildfire
zones. Hossain et al. (2019) proposed a multi-sensor fusion technique, combining loT-based temperature, humidity, and
air quality sensors with Al-driven image analysis for improved accuracy [5]. The integration of multiple sensor
modalities allows for early fire detection by analyzing environmental changes alongside visual fire signatures. Frizzi et
al. (2021) further explored sensor fusion methods, emphasizing how integrating different sensor modalities reduces false
alarms and enhances detection reliability in diverse environmental conditions [9]. These multi-sensor approaches ensure
a comprehensive wildfire detection framework, reducing the impact of single-point failures.

While traditional wildfire detection methods remain in use, their limitations in speed and accuracy necessitate Al-
driven advancements. Studies have demonstrated that deep learning models (CNNs, YOLO), multi-sensor fusion, and
loT-based systems significantly improve real-time detection and scalability. However, challenges such as false positives,
computational costs, and environmental variability still require further research. Future work should focus on
lightweight Al models, improved sensor integration, and real-time edge computing to enhance wildfire detection
efficiency and effectiveness. Expanding training datasets with synthetic fire images and integrating predictive analytics
with climate models could further strengthen wildfire forecasting and mitigation strategies.

Methodologies

Wildfire detection techniques have evolved from traditional image processing to advanced Al-based models and sensor
networks. This section explores various methodologies, including rule-based image processing, machine learning (ML),
deep learning (DL), IoT integration, and hybrid approaches that enhance accuracy and real-time response

> Traditional Image Processing Techniques

Traditional wildfire detection techniques rely on color, texture, and shape analysis to differentiate fire and smoke from the
background. Rule-based thresholding methods use predefined pixel intensity values to detect flames and smoke but
often struggle with variable lighting conditions and environmental noise. Due to high false positive rates, traditional
image processing techniques are increasingly supplemented by Al-driven approaches.
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> Machine Learning-Based Detection

Machine learning models, such as Decision Trees and Support Vector Machines (SVMs), classify fire regions based on
manually engineered features. Ensemble learning techniques, which combine multiple ML classifiers, enhance accuracy
by reducing misclassifications. However, ML models require large labeled datasets and extensive feature selection,
which can limit their adaptability in dynamic wildfire environments.

> Deep Learning-Based Approaches

Deep learning approaches, particularly Convolutional Neural Networks (CNNs), automate feature extraction, improving
the accuracy of fire and smoke recognition. YOLO (You Only Look Once) models process images in real-time, making
them ideal for fast wildfire detection in aerial and satellite imagery. Despite their advantages, deep learning models
demand high computational resources, making deployment on low-power edge devices challenging.

> 10T and Sensor Networks

loT-based wildfire detection systems incorporate thermal, infrared, and smoke sensors to monitor environmental
conditions. Multi-sensor fusion integrates data from different sensor types, improving detection reliability by reducing
false positives caused by weather variations. However, sensor deployment in remote areas remains costly, and
connectivity issues can affect real-time monitoring efficiency.

> Hybrid Approaches

Hybrid wildfire detection systems combine Al-driven models with sensor-based detection to improve overall accuracy
and response times. Sensor fusion techniques integrate data from multiple sources, such as satellite imagery, drone-
based monitoring, and ground-based sensors, enhancing situational awareness. Edge computing further minimizes
latency by processing data locally, enabling real-time response in wildfire-prone regions while reducing dependency on
cloud computing.

The evolution of wildfire detection techniques from traditional image processing to Al-driven solutions has significantly
improved detection accuracy and response times. Deep learning models, loT-based sensors, and hybrid approaches have
enhanced wildfire detection by enabling real-time processing and multi-sensor fusion techniques. However, challenges
such as false positives, high computational demands, and deployment constraints remain, necessitating further research
into lightweight Al models, optimized sensor integration, and scalable edge computing solutions.
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Comparative Analysis Of Existing Models.

Methodology Strengths Limitations

Traditional Surveillance Reliable in some cases Slow, labor-intensive, human error-prone
ML-Based Detection Improves accuracy Requires labeled datasets, high computation
CMN-Based Models Automated feature extraction Meeds large training data

YOLO-Based Models Fast, real-time detection Sensitive to lighting and weather changes
Sensor-Based Systems Works in low visibility High cost, requires multiple sensors

Hybrid Approaches Best of all methods Computationally expensive

The analysis shows that hybrid systems leveraging both Al-based and sensor-driven methods offer the most promise for
effective wildfire detection

Challenges And Future Directions.

To further improve wildfire detection, future research should focus on enhancing the accuracy, efficiency, and scalability
of detection systems. Several promising directions can be explored:

> Al-Driven Edge Computing for Real-Time Processing
Traditional Al models rely on cloud computing, which can introduce delays in processing and alert
generation. Implementing lightweight Al models on edge devices, such as drones, 10T sensors, and
surveillance cameras, can significantly reduce latency and improve real-time response. Edge computing
enables on-device processing, reducing dependency on internet connectivity, which is often unreliable in
remote wildfire-prone areas.

> Explainable Al (XAl) for Improved Decision-Making
One of the major challenges in Al-driven wildfire detection is the lack of interpretability of deep learning
models. Future research should focus on Explainable Al (XAl) techniques, which provide insights into how an
Al model makes decisions. By making detection models more transparent, emergency responders can better
trust Al-generated alerts and reduce false positives by understanding why an image was classified as a
wildfire incident.

> Integration of Blockchain for Secure and Decentralized Data Sharing
Wildfire detection relies on multiple data sources, including satellites, drones, ground-based sensors, and
weather stations. Ensuring secure and tamper-proof data exchange among these sources is critical. Blockchain
technology can be used to create a decentralized, transparent, and secure data-sharing network, preventing
unauthorized modifications and ensuring trustworthy wildfire alerts.
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> Fusion of Al with Climate and Weather Models
Most wildfire detection systems focus on analyzing visual smoke and fire patterns. However, integrating Al
with climate models, wind pattern predictions, and environmental conditions can enhance early warning
systems. Predictive modeling based on temperature, humidity, wind speed, and historical wildfire data can
help forecast potential fire outbreaks before ignition, allowing for proactive wildfire prevention.

> Use of Generative Adversarial Networks (GANSs) for Data Augmentation
One of the limitations of Al-based wildfire detection is the lack of diverse, high-quality training datasets.
GANs can be used to generate synthetic wildfire images, creating more diverse training data that improves
model generalization. This approach can help Al models detect wildfires in different lighting conditions,
terrains, and weather variations, reducing false negatives.

> Hybrid Al and Human-in-the-Loop Systems
While Al-based wildfire detection is promising, it is still prone to false alarms and misclassifications. Future
systems should integrate a "human-in-the-loop" approach, where Al assists emergency personnel but allows
human experts to validate high-risk alerts before action is taken. This ensures better decision-making and
improved trust in Al-generated wildfire warnings.

By addressing these research directions, the next generation of wildfire detection systems can become more accurate,
scalable, and proactive, helping to minimize the devastating impact of wildfires on ecosystems and communities.

Conclusion

Wildfires are becoming more frequent and severe due to climate change, necessitating advanced detection systems for
timely intervention. While traditional methods like human surveillance and satellite monitoring have been useful, they
suffer from slow response times, high false positives, and scalability issues. Recent advancements in Al, deep learning,
and loT-based sensor networks have significantly improved wildfire detection accuracy by enabling real-time
monitoring, predictive modeling, and automated fire recognition.

Despite these advancements, several challenges remain, including false positives, environmental variability,
computational constraints, and data scarcity. To overcome these limitations, future research should focus on lightweight
Al models for edge computing, blockchain-based secure data sharing, explainable Al, and hybrid Al-human
collaboration. The integration of multi-sensor fusion, predictive weather modeling, and synthetic data generation can
further enhance detection accuracy and response speed.

By combining Al-driven detection with traditional surveillance, 10T-based monitoring, and human expertise, future
wildfire detection systems can become faster, more reliable, and scalable, ultimately reducing the impact of wildfires
on communities, wildlife, and the environment. With continued innovation and research, Al-powered wildfire detection
can play a crucial role in preventing large-scale disasters and improving disaster response strategies worldwide.
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