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Article Info ABSTRACT

Article history: Forest fires are a growing global concern, with increasing frequency
and intensity due to climate change. Timely detection and rapid
intervention are crucial in mitigating the impact of these disasters.
Satellite imagery has long been used for fire detection, but existing
methods often suffer from limitations such as false positives and
delayed responses. This survey explores the state-of-the-art methods
Keywords: in satellite-based forest fire detection, focusing on the role of
artificial intelligence (Al) in improving detection accuracy and
speed. We examine various Al techniques, including traditional
machine learning models and deep learning approaches, and evaluate
their effectiveness in analyzing satellite imagery for fire detection.
Based on this survey, we propose a novel solution that integrates Al
for verifying detected fire anomalies and triggers immediate alarms,
aiming to enhance the accuracy and timeliness of fire detection
systems. Our approach aims to improve existing systems by reducing
false positives, ensuring faster responses, and ultimately aiding in
better disaster management.
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1.0 INTRODUCTION

Forest fires are one of the most devastating natural disasters, causing significant environmental, economic, and
social impacts worldwide. In recent years, the frequency and intensity of forest fires have increased due to
factors such as climate change, human activities, and deforestation. According to the Global Forest Watch
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report, wildfires have been responsible for the loss of millions of hectares of forests globally, contributing to
biodiversity loss and carbon emissions that exacerbate climate change [1]. Early detection of forest fires is
crucial in minimizing their impact, as quick responses can significantly reduce the scale of damage and improve
firefighting efforts.

Traditionally, fire detection methods relied on ground-based monitoring systems or visual observation
from the air. However, these methods have limitations in terms of coverage and response time, especially in
remote or hard-to-reach areas. With advancements in satellite technology and remote sensing, monitoring large
forested areas has become more feasible and cost-effective. Satellites can provide real-time data on temperature
anomalies, vegetation health, and environmental conditions that are vital for detecting early signs of wildfires.

Satellite-based fire detection systems, such as MODIS (Moderate Resolution Imaging
Spectroradiometer) and Sentinel-2, have made significant strides in wildfire monitoring. These systems capture
thermal infrared imagery to identify heat signatures and potential fire hotspots [2][3]. However, while satellite
imagery is instrumental in detecting potential fire events, one major challenge is the high occurrence of false
positives—anomalies in satellite images that may be mistaken for fires. These can result from other heat sources,
such as industrial activities, agricultural burns, or even cloud cover, leading to unnecessary alerts and a delay in
critical response.

Recent advancements in artificial intelligence (Al), particularly machine learning (ML) and deep
learning (DL), have opened up new possibilities for improving the accuracy of fire detection systems. Al can be
leveraged to verify detected anomalies, distinguish between fire and non-fire events, and enhance the overall
decision-making process. By integrating Al, fire detection systems can become more reliable and efficient,
reducing false alarms and improving response time. Several studies have explored the use of Al for analyzing
satellite images, including Convolutional Neural Networks (CNNs) for classification [4] and Support Vector
Machines (SVMs) for feature extraction [5].

Despite the advancements in satellite-based detection and Al technologies, there remain significant
challenges in wildfire management, especially in terms of real-time fire verification and alarm systems. Most
satellite-based systems, such as FIRMS (Fire Information for Resource Management System), provide near-real-
time alerts but lack robust Al verification, which can lead to false positives and delayed responses. Moreover,
many existing systems do not incorporate a real-time fire risk assessment that triggers immediate alarms, which
is crucial for timely intervention.

This survey paper aims to provide a comprehensive review of the current landscape of satellite-based
forest fire detection and the role of Al in improving these systems. We will discuss the existing methods of fire
detection, the use of Al in verifying fire anomalies, and the challenges of implementing real-time alarm systems.
Based on this survey, we propose a novel solution that integrates Al verification of fire anomalies detected from
satellite imagery, followed by the triggering of immediate fire alarms. This solution aims to reduce false
positives, improve detection accuracy, and ensure timely responses to wildfires. By addressing these challenges,
our proposed solution seeks to enhance the effectiveness of forest fire detection systems and contribute to better
disaster management.

2.0 RELATED WORK
2.1 Satellite-Based Fire Detection Techniques
2.1.1 Overview of Satellite Data for Fire Detection

Satellites are key tools for monitoring large areas and detecting forest fires, providing critical data that cannot
be obtained using traditional ground-based systems. MODIS, Landsat, and Sentinel-2 satellites capture a wide
range of imagery, from thermal infrared to multispectral images, which are essential for detecting heat
signatures associated with active fires.

MODIS: The Moderate Resolution Imaging Spectroradiometer is one of the most widely used satellite
systems for fire detection. It offers daily global coverage and is capable of detecting fire hot spots using
infrared data. However, due to its moderate spatial resolution, it may not detect smaller fires or provide the
precise locations needed for immediate response.
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Sentinel-2: Sentinel-2 provides higher spatial resolution compared to MODIS and offers more detailed data in
multiple spectral bands. This allows for more accurate monitoring of fire-affected regions, but its revisit time
is less frequent, limiting real-time detection.

2.1.2 Challenges in Satellite-Based Fire Detection

False Positives: False positives occur when non-fire anomalies, such as industrial heat or cloud cover, are
detected as fires. These inaccuracies delay emergency response and reduce the trust in satellite-based systems.
Spatial and Temporal Resolution: While MODIS provides global coverage, its moderate resolution may miss
smaller or developing fires. The revisit time of some satellites may also limit the ability to monitor fires in real
time.

Cloud Cover and Weather Conditions: Cloud cover and atmospheric conditions can obscure satellite sensors,
leading to missed detections or inaccurate data.

3.0 ARTIFICIAL INTELLIGENCE IN FIRE DETECTION

3.1 Machine Learning Approaches

Several machine learning models have been employed to improve the accuracy of fire detection from
satellite imagery. Supervised learning models, such as Support Vector Machines (SVMs) and Random
Forests, have been used to classify fire-prone areas based on labeled satellite data. However, these models
require large, high-quality datasets and may be limited in their ability to generalize to new environments

[6].
3.2 Deep Learning Approaches

Deep learning models, particularly Convolutional Neural Networks (CNNs), have shown great promise in
automating feature extraction and classification in satellite imagery. CNNs can automatically learn
hierarchical features from raw satellite data, enabling the detection of more complex patterns associated
with fire events. Models like these have significantly improved fire detection accuracy in recent years [4].

40 REAL-TIME FIRE DETECTION SYSTEMS

4.1 Current Fire Detection Systems

Systems like FIRMS rely on satellite data from MODIS to provide near-real-time alerts. However, these
systems often lack robust verification and are prone to false positives due to the absence of Al-based
filtering.

4.2 Real-Time Alarm Systems

To address the challenges of false positives and delayed responses, integrating Al-powered verification can
ensure that only confirmed fires trigger alarms, allowing for faster and more accurate decision-making.

5.0 PERFORMANCE PARAMETERS IN FOREST FIRE DETECTION SYSTEMS

When assessing forest fire detection systems, it is essential to consider various performance parameters that
determine the effectiveness of these systems. The following are some commonly used metrics for evaluating
fire detection methods, especially those involving satellite imagery and Al-based systems:
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5.1 Accuracy

Accuracy is one of the most critical performance parameters in any detection system. It measures the
overall correctness of the system in identifying true positives (actual fires) and distinguishing them from
false positives (non-fires). In the context of forest fire detection, accuracy is defined as the percentage of
correctly identified fire events among all predictions made by the system [1], [2].

Where:

TP = True Positives (correctly identified fires)

TN = True Negatives (correctly identified non-fires)

FP = False Positives (non-fires incorrectly identified as fires)
FN = False Negatives (fires missed by the system) [3].

5.2 Precision and Recall

Precision and Recall are critical metrics for evaluating the reliability and completeness of the fire detection
system:

Precision measures how many of the detected fires are actually fires (i.e., minimizing false positives) [4].
Recall measures how many actual fires were correctly detected by the system (i.e., minimizing false
negatives) [5].

A good fire detection system should strike a balance between precision and recall. High precision ensures
that there are fewer false alarms, while high recall ensures that fewer actual fires are missed [6].

5.3 False Positive Rate (FPR)

The False Positive Rate (FPR) indicates how often the system erroneously detects a fire where there is
none. This is a key performance metric, especially for satellite-based systems, where cloud cover,
agricultural burns, and industrial heat sources can cause false alarms [7].

A low FPR is critical for ensuring that the system does not trigger unnecessary responses to non-fire
events, thus reducing the load on emergency services [8].

5.4 False Negative Rate (FNR)

The False Negative Rate (FNR) refers to the rate at which fires are missed by the detection system. In the
case of forest fires, it is crucial that the system has a low FNR to ensure rapid detection and timely
responses [9]. Minimizing FNR is essential for avoiding delayed intervention, which could exacerbate the
effects of a wildfire [10].

5.5 Latency/Response Time

Latency or response time refers to how quickly the system can process satellite data and issue an alert. A
system with lower latency is crucial for wildfire management because it allows firefighting teams to
respond more rapidly to an emergency. Systems with higher response times might delay actions, giving
fires more time to spread [11].

5.6 Area Coverage and Spatial Resolution

The spatial resolution of satellite imagery determines how detailed the fire detection system can be in
identifying and localizing fires. Higher resolution allows for better identification of smaller fires and
accurate delineation of fire boundaries. The area coverage refers to how much geographic area can be
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monitored within a certain time frame. High coverage is useful for large-scale fire monitoring, but high
resolution is needed for accurate fire detection [12].

6.0 COMPARISON OF FIRE DETECTION SYSTEMS

The performance of various fire detection systems can be evaluated based on several key parameters,
including accuracy, precision, recall, false positive rate (FPR), latency, area coverage, and spatial
resolution. For accuracy, MODIS achieves around 70% due to its coarse resolution, which limits its ability
to detect small fires accurately (Giglio et al., 2003)[5]. Sentinel-2, with its higher spatial resolution of 10-
20 meters, shows 85% accuracy, which allows for better detection of smaller fires, particularly in forested
regions (Cazorla & Guerra, 2020)[2]. CNN-based systems, owing to their deep learning algorithms and
the ability to process large datasets, can achieve an impressive 95% accuracy, significantly outperforming
other methods (Zhang et al., 2018)[3]. SVM-based systems provide a solid 85% accuracy, but they are
less effective than CNNs when it comes to detecting highly complex fire scenarios (Eklund & Muttiah,
2019)[4].

In terms of precision, MODIS offers 70% precision, indicating a high rate of false positives due to
misclassifying heat sources from industrial or agricultural activities as fires (Giglio et al., 2003)[5].
Sentinel-2 improves upon this with 85% precision, benefiting from its higher resolution and better ability
to distinguish fire from non-fire heat sources (Cazorla & Guerra, 2020)[2]. CNN-based systems excel in
precision, achieving 95%, largely due to their ability to learn complex fire-related features from satellite
images (Zhang et al., 2018)[3]. SVM-based systems also perform well with 85% precision but face
challenges with distinguishing complex patterns compared to CNNs (Eklund & Muttiah, 2019)[4].

For recall, MODIS detects 70% of actual fires, but it misses smaller fires due to its low resolution (Giglio
et al., 2003)[5]. Sentinel-2 offers a better recall of 85%, effectively detecting small fires, especially in
forested environments where higher resolution is necessary (Cazorla & Guerra, 2020)[2]. CNN-based
systems achieve 95% recall, detecting almost all fires, even in complex scenarios where subtle fire
patterns may exist (Zhang et al., 2018)[3]. SVM-based systems, on the other hand, have a 75% recall rate,
which can be limiting, particularly for large-scale fires or situations involving less visible fire patterns
(Eklund & Muttiah, 2019)[4].

Table 1: Comparison of Performance Parameters

SVM-

Parameter MODIS Sentinel-2 CNN-based based
Systems

Systems
Accuracy 70% 85% 95% 85%
Precision 70% 85% 95% 85%
Recall 70% 85% 95% 75%
;th? (FEORS)'“W 25% 10% 5% 10%
Latency 20% 50% 80% 50%
Area Coverage 95% 60% 80% 75%
;Zzg'li'ﬂon 1 km (10%) (1;)0;3 M1 High (90%) High (90%)

The False Positive Rate (FPR) for MODIS stands at 25%, which is relatively high, as the system is prone to
misidentifying heat anomalies, like agricultural burns or industrial emissions, as fires (Giglio et al., 2003)[5].
Sentinel-2 reduces this to 10% due to its finer resolution, which makes it more capable of distinguishing fire
from other non-fire heat sources (Cazorla & Guerra, 2020)[2]. CNN-based systems achieve a remarkably low
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5% FPR, thanks to their advanced learning techniques and ability to detect subtle features in satellite imagery
(Zhang et al., 2018)[3]. SVM-based systems also perform well in this regard, with a 10% FPR, better than
MODIS but still not as low as CNN-based methods (Eklund & Muttiah, 2019)[4].

When considering latency or response time, MODIS has a moderate latency of 20%, meaning there is a delay
between data acquisition and fire detection (Giglio et al., 2003)[5]. Sentinel-2 has a higher latency of 50%,
primarily due to its longer revisit time of about 5 days, which can cause delays in detecting fires and triggering
alarms (Cazorla & Guerra, 2020)[2]. CNN-based systems are highly efficient, with a latency of 80%, enabling
near real-time fire detection and alert generation (Zhang et al., 2018)[3]. SVM-based systems offer moderate
latency of 50%, which is faster than traditional satellite systems but slower than CNN-based approaches
(Eklund & Muttiah, 2019)[4].

Comparison of Different Systems Across Parameters

MODIS

mm Sentinel-2

mmm CNN-based Systems
. SVM-based Systems

80 ¥

Values (%)
=]
o

4
=

20

Parameters

Figure 1: Comparison of MODIS, Sentinel-2,CNN and SVM based Systems

Regarding area coverage, MODIS provides 95% area coverage, thanks to its global monitoring capabilities.
However, this large coverage comes at the cost of lower resolution, which affects its ability to detect small fires
(Giglio et al., 2003)[5]. Sentinel-2 covers a smaller area, with 60% coverage, due to its high resolution, which is
better suited for detecting smaller fires but sacrifices wide-area monitoring (Cazorla & Guerra, 2020)[2]. CNN-
based systems can analyze larger areas efficiently, offering 80% coverage, though this may be constrained by
processing power and time when monitoring large regions (Zhang et al., 2018)[3]. SVM-based systems provide
75% area coverage, which is comparable to CNNs but with limitations in scalability for large-scale fire
monitoring (Eklund & Muttiah, 2019)[4].

In terms of spatial resolution, MODIS has a coarse resolution of 1 km, which limits its ability to identify small
fires (Giglio et al., 2003)[5]. Sentinel-2 offers much higher resolution of 10-20 meters, allowing for better
detection of small fires in forests and other complex environments (Cazorla & Guerra, 2020)[2]. Both CNN-
based systems and SVM-based systems benefit from high-resolution satellite data, providing better fire
detection capabilities, particularly in complex fire situations (Zhang et al., 2018)[3]; (Eklund & Muttiah,
2019)[4].

7.0 METHODOLOGY: Al VERIFICATION AND ALARM SYSTEM- FAAS (FIRE Al ALARM
SYSTEM)

Given the limitations and strengths of current satellite-based and Al-driven fire detection systems, we propose an
enhanced solution that combines the benefits of Al-based fire verification with an immediate alarm mechanism to
improve response times and reduce false positives. This approach aims to enhance the accuracy of forest fire
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detection systems by integrating advanced machine learning techniques, particularly Convolutional Neural
Networks (CNNs), to verify fire anomalies detected by satellite images and trigger immediate alerts for rapid
response.

7.1 System Overview

Our proposed solution works as follows:

Satellite Data Acquisition: The system uses satellite imagery from sources like Sentinel-2 or MODIS, which
capture thermal and optical data across large forested areas. These satellite systems provide the raw data, including
heat signatures and potential fire spots, which are analyzed to identify fire events.

Al-based Fire Detection: Once the satellite images are collected, an Al model, specifically a Convolutional Neural
Network (CNN), is used to process the data. CNNSs are chosen due to their ability to identify complex patterns and
anomalies in the imagery. The network is trained on large datasets of fire and non-fire images to distinguish
between actual fires and other heat sources (such as agricultural burns, industrial heat, or cloud reflections). The
CNN processes these images to detect regions of interest where fire-like anomalies are present.

Verification Module: After identifying potential fire spots, the system passes the results through a verification
module. The verification module ensures that the detected heat signature corresponds to a genuine fire event, rather
than a false positive. This process involves additional Al algorithms, which perform contextual analysis, taking into
account factors such as fire spread patterns, seasonal variations, and regional data (for example, known agricultural
burn periods) to confirm whether the anomaly is indeed a fire.

Immediate Alarm Generation: If the system confirms that the anomaly is a real fire, an alarm is triggered. The
alarm is sent out to the relevant authorities, such as local fire departments, forest management teams, or emergency
services. This immediate notification is essential for reducing response time and enabling a quick intervention to
control the spread of the fire.

Continuous Monitoring and Feedback Loop: To enhance the accuracy over time, the system includes a continuous
feedback loop. As new fire events are detected and verified, the Al model is retrained with updated data to improve
its predictions for future detections. This learning process makes the system more adaptive and accurate in
identifying fires under different environmental conditions.

Satellite Data Preprocessing _Al-Based Vorification
Acquisition Module F"'eME::ZtSIcet'O" Module

| Immediate

Alarm Generator

|4
lw

Feedback and Adaptive Learning Loop

Figure 2: FAAS Architecture

8.0 RESULTS

The proposed FAAS system is expected to outperform traditional fire detection systems due to its integrated
CNN-based detection, advanced verification module, and real-time alarm generation. The two-stage analysis
drastically reduces false positives and enhances the detection of actual fires, resulting in higher accuracy, precision,
and recall. The real-time processing pipeline ensures low latency, while the use of high-resolution imagery allows
for finer fire localization without sacrificing significant area coverage. Overall, FAAS presents a robust and
scalable solution for early wildfire detection and rapid response.

9.0 CONCLUSION
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In this survey, we explored the potential of Al-based forest fire detection using satellite imagery, highlighting
the challenges, advances, and key considerations for building efficient detection systems. Satellite imagery,
combined with machine learning techniques such as Convolutional Neural Networks (CNNSs), offers a promising
solution to detecting wildfires in real-time across large and remote areas. We reviewed various satellite-based
fire detection methods, including traditional systems like MODIS and Sentinel-2, as well as Al-based
approaches, noting the benefits and limitations of each. Our proposed framework for real time fire detection and
verification combines Al-driven detection models with a verification module that cross-references multiple data
sources to ensure accurate fire identification. The system aims to reduce false positives, enhance accuracy, and
improve response times, providing a robust solution for wildfire monitoring. The integration of contextual and
environmental data, along with machine learning-based classification, ensures that only genuine fire events
trigger alerts, ultimately aiding fire management teams in timely decision-making. This paper presents a holistic
approach to wildfire detection, emphasizing the importance of real-time analysis and verification, which could
drastically improve fire monitoring systems. The proposed framework is scalable, adaptable, and applicable to
different geographic areas, offering a reliable tool for early detection and rapid response to wildfires.
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