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Abstract: Forest fires pose a significant threat to ecosystems, biodiversity, and human life, with increasing frequency and intensity due to
climate change. Early detection and accurate prediction are critical for effective response and mitigation. This paper presents a machine
learning-based approach to forest fire detection and risk prediction using environmental data such as temperature, humidity, wind speed,
and rainfall. Various classification algorithms, including Random Forest, Support Vector Machine (SVM), and Logistic Regression, were
evaluated to classify fire-prone conditions. The model was trained and tested on publicly available datasets and achieved high accuracy and
reliability in predicting potential fire outbreaks. Additionally, feature importance analysis highlighted the key factors influencing fire risk.
The proposed system can be integrated with 10T sensors or satellite data feeds to enable real-time monitoring and early warning systems.
The results demonstrate that machine learning techniques offer a robust, scalable, and cost-effective solution for forest fire management

and can significantly enhance proactive disaster response strategies.
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I.LINTRODUCTION:

Forest fires are one of the most devastating natural disasters,
causing significant loss of biodiversity, ecological imbalance,
property damage, and human casualties. The frequency and
intensity of such fires have increased dramatically in recent years,
fueled by climate change, deforestation, and human negligence. As
forests play a crucial role in maintaining environmental stability,
their protection is of paramount importance.

Conventional methods for forest fire detection, such as satellite
monitoring, fire lookout towers, and manual patrolling, are often
slow, labor-intensive, and reactive rather than proactive. While
satellite imagery can detect fires, it often suffers from time delays
and limited resolution. Therefore, there is a growing need for
intelligent, automated systems that can predict and detect forest
fires in real-time to enable rapid response and minimize damage.

Recent advancements in machine learning (ML) offer promising
solutions for early fire detection and risk assessment. By analysing
historical and real-time environmental data such as temperature,
relative humidity, wind speed, and rainfall machine learning
models can identify patterns and predict the likelihood of forest fire
occurrences. ML models, when integrated with sensor networks or
remote sensing technologies, can provide accurate, timely alerts
and support decision-making for firefighting and forest
management authorities.

This paper presents a comprehensive approach to forest fire
detection using machine learning algorithms. It explores the use of
supervised learning models, evaluates their performance, and
discusses how such systems can be deployed in real-world
environments. The proposed solution aims to enhance early
warning capabilities, reduce response time, and support sustainable
forest conservation efforts.

II.LITERATURE SURVEY

Several studies in recent years have explored the application of
machine learning techniques for forest fire detection and
prediction. Traditional methods such as satellite monitoring,
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watchtower observation, and fire weather indices (e.g., the Fire
Weather Index) have been used extensively, but they often suffer
from limitations in speed, resolution, and accuracy. One of the
early machine learning applications in this field was presented by
Cortez and Morais (2007), who utilized meteorological data from
Montesino Park in Portugal and applied decision trees and support
vector machines (SVM) to predict the burned area, yielding
moderate results. Later research expanded on this by incorporating
ensemble models like Random Forest, which have shown higher
accuracy and better generalization capabilities. Reddy et al. (2019)
demonstrated that Random Forest outperformed conventional
models when classifying fire-prone conditions using temperature,
humidity, and wind data. Similarly, Yadav et al. (2021) integrated
machine learning models with 10T sensor networks for real-time
fire risk assessment, achieving both accuracy and speed. In parallel,
deep learning techniques such as convolutional neural networks
(CNNs) have gained popularity, particularly for detecting fire and
smoke in satellite and drone imagery. Zhang et al. (2020)
developed a CNN model capable of recognizing fire features in
infrared images with high precision. Furthermore, hybrid
approaches combining environmental sensors, remote sensing, and
machine learning have been proposed to enhance early warning
systems, as seen in the work of Sharma et al. (2022). These studies
highlight the growing effectiveness of ML-based systems in forest
fire prediction, yet also reveal a gap in scalable, cost-effective
implementations suitable for widespread deployment. This paper
aims to address that gap by presenting a machine learning-based
detection system that is both accurate and practical for real-time
use.

H1LEXISTING SYSTEM

Existing forest fire detection systems primarily rely on traditional
methods such as satellite imagery analysis, human surveillance
through fire lookout towers, and fire indices based on weather
parameters like the Fire Weather Index (FWI). These systems,
while useful, often face limitations in terms of detection speed,
resolution, and real-time capability. Satellite-based systems, for
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instance, may have delays in image updates, especially in remote
or heavily cloud-covered areas, making them less effective for
early detection. Ground-based sensor systems and manual patrols
are resource-intensive and prone to human error, especially in large
and densely forested areas.

In recent years, some automated systems have been developed
using remote sensing technologies combined with basic data
analytics. These systems typically monitor temperature, humidity,
wind, and gas emissions to identify conditions favorable for fire.
However, many of these systems lack intelligent decision-making
capabilities and cannot accurately classify fire risk or detect early
signs of ignition without human interpretation.

Machine learning has been introduced in some existing systems to
enhance prediction accuracy, particularly using historical data to
model fire risk zones. Yet, the deployment of such systems is often
limited to experimental or regional levels and lacks scalability.
Moreover, deep learning-based models that utilize image data from
drones or satellites are still under research and are rarely integrated
into real-time, operational systems due to high computational
requirements.

Overall, while current systems provide a foundation for forest fire
detection, they often fall short in terms of automation, early
warning accuracy, and scalability. This highlights the need for a
more robust and intelligent system capable of real-time data
processing, predictive analytics, and integration with 10T or remote
sensing technologies which this research aims to address.

Conventional Machine Learning Methods:

Conventional machine learning methods have played a significant
role in early forest fire detection and risk prediction. These
techniques primarily include supervised learning algorithms such
as Logistic Regression, Decision Trees, Support Vector Machines
(SVM), Naive Bayes, k-Nearest Neighbours (k-NN), and Random
Forests. These models are trained on historical environmental data
including temperature, humidity, wind speed, and rainfall to
identify patterns associated with fire occurrences. Logistic
Regression is commonly used for binary classification problems
such as predicting the presence or absence of fire. Decision Trees
and Random Forests offer interpretable and accurate predictions,
especially when dealing with nonlinear relationships in the data.
SVM has been used effectively for high-dimensional feature
spaces, while k-NN is valued for its simplicity in classifying based
on similarity with nearby data points. Among these, Random Forest
is particularly popular due to its robustness, ability to handle
missing values, and high accuracy across diverse datasets.
However, conventional ML models often require feature
engineering and may not perform well when exposed to complex
spatial or temporal patterns unless carefully tuned. Despite these
limitations, these methods have formed the foundation for more
advanced models and have proven valuable in regions where data
availability is limited or real-time image-based analysis is not
feasible.
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IV.PROPOSED SYSTEM

The proposed system aims to provide an efficient and intelligent
solution for early forest fire detection using machine learning
techniques. Unlike conventional systems that rely solely on
satellite data or manual surveillance, this system integrates real-
time environmental sensor data such as temperature, relative
humidity, wind speed, and rainfall with machine learning models
to predict the likelihood of fire occurrence. The system architecture
is designed to collect data from sensors deployed in forest areas or
from open-source weather APIs, which is then pre-processed to
remove noise and normalize values. This cleaned data is used to
train a supervised machine learning model, such as a Random
Forest classifier, due to its robustness, high accuracy, and ability to
handle nonlinear relationships and variable importance analysis.

The model is trained to classify environmental conditions into two
categories: Fire Risk (Yes/No) or into multiple fire risk levels (e.g.,
Low, Medium, High). Once trained, the model is deployed in a real-
time monitoring environment, where it continuously receives input
from sensors and predicts fire risk. When high-risk conditions are
detected, the system generates alerts that can be sent to forest
management authorities via SMS, email, or a centralized
dashboard. The system is also scalable, allowing integration with
Internet of Things (loT) devices, drones, or satellite data sources
for more comprehensive coverage.

Additionally, the proposed system includes a user-friendly
interface for visualizing real-time predictions, historical trends, and
environmental variables. By using machine learning, the system
not only improves detection speed and accuracy but also reduces
human dependency, enables proactive response, and supports long-
term forest fire management strategies. This approach bridges the
gap between traditional detection systems and modern intelligent
technologies, making it highly adaptable to various forest
environments.

Advantage of proposed system:
1.Early and Accurate Detection:

Machine learning models can analyse complex environmental data
and image patterns to detect forest fires at an early stage, improving
response time and reducing damage.

2.Automated Monitoring:

Unlike manual surveillance, the system can provide continuous,
real-time monitoring using sensors, drones, or satellites without
human intervention.

3.Cost-Effective:

Reduces the need for expensive, round-the-clock human patrolling
in large forest areas by automating fire detection and alert
generation.

4.Improved Prediction:

By analysing historical and real-time data, the system can predict
high-risk zones and fire likelihood, helping in proactive fire
prevention strategies.

WWW.IJASRET.COM 45



|| Volume 9 || Issue 6 || June 2025 || ISSN (Online) 2456-0774

PSS INTERNATIONAL JOURNAL OF ADVANCE SCIENTIFIC RESEARCH

AND ENGINEERING TRENDS

5.Scalability:

The system can be scaled to cover vast forest regions by integrating
multiple data sources like satellite imagery, weather data, and
sensor networks.

6.Data-Driven Decision Making:

Provides reliable data and visual insights for forest management
authorities to make informed decisions during fire emergencies.

7.Enhanced Safety:

Early detection and alerts minimize risks to firefighters and
residents by enabling quicker evacuations and resource allocation.

8.Integration with Other Technologies:

Can be integrated with drones, 10T sensors, and GIS systems to
create a comprehensive fire management ecosystem.

9.Adaptability to Different Regions:

Machine learning models can be retrained or fine-tuned with local
data to adapt to varying forest types and climatic conditions.

FIRE DETECTION TYPES
1. Heat-Based Detection

Heat-based fire detection systems identify the presence of a fire by
tracking variations in temperature. These systems generally consist
of two main types: fixed temperature detectors and rate-of-rise
detectors.

Fixed temperature detectors activate an alarm when the
temperature exceeds a predetermined level, making them
straightforward and dependable for locations where smoke
detectors might generate false alarms, such as kitchens or industrial
settings.

Conversely, rate-of-rise detectors react to the rate at which
temperature escalates, allowing for the early detection of rapidly
developing fires.

Although heat-based detectors are less affected by environmental
elements like dust and steam, they may not respond as quickly to
slow-burning or soldering fires compared to smoke detectors.
Consequently, they are frequently employed in settings where
smoke detectors may be ineffective or unreliable, such as
warehouses, factories, or outdoor areas. While heat-based systems
are robust and uncomplicated, they may not always ensure early
detection of small fires, which can limit their effectiveness in
certain situations

2. Flame-Based Detection

Flame-based fire detection systems are engineered to identify the
presence of flames within a specified area. These systems utilize
specialized sensors capable of recognizing the unique light and
radiation emitted by flames, enabling rapid fire detection, even in
settings where traditional methods, such as smoke or heat detectors,
may fall short.

enabling rapid fire detection, even in settings where traditional
methods, such as smoke or heat detectors, may fall short. Flame
detectors primarily operate by detecting either ultraviolet (UV) or
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infrared (IR) radiation associated with fire. UV detectors are
sensitive to the ultraviolet light produced by flames, whereas IR
detectors focus on the infrared radiation characteristic of fire. Some
flame detectors integrate both UV and IR technologies to enhance
precision and minimize false alarms.

3. Smoke-Based Detection

Smoke detection systems are frequently employed to sense smoke
in the environment, which serves as a crucial sign of fire. These
systems generally utilize two primary detection methods:
ionization and photoelectric. lonization smoke detectors contain a
small quantity of radioactive material that ionizes the air within the
detection chamber. When smoke particles infiltrate this chamber,
they interfere with the ionization process, resulting in an alarm
activation. These detectors are especially responsive to rapidly
burning fires that produce minimal visible smoke.

4. Satellite-Based Detection

Satellite-based fire detection is a technology that employs satellites
equipped with remote sensing instruments to observe extensive
areas for indications of active fires, smoke, or heat anomalies.
These satellites gather data from space utilizing infrared sensors,
thermal imaging, and other sensing technologies to identify
temperature fluctuations associated with fires. The primary
advantage of satellite-based fire detection lies in its ability to cover
vast geographical areas and deliver near-real-time data, facilitating
the swift identification of fire hotspots. Once a fire is detected, the
information can be utilized to assist emergency response teams,
enabling them to make prompt decisions regarding fire suppression
and resource distribution.

V. ARCHITECTURE:
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ensuring it is accurately labelled and cleaned is vital for training
supervised machine learning models effectively. Finally, managing
large volumes of diverse data requires robust storage and
processing infrastructure, often utilizing cloud platforms, to enable
timely analysis and real-time fire detection and alerting.
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Achievements

The proposed forest fire detection system demonstrates significant
advancements in early fire identification and monitoring, leading
to faster response times and reduced environmental damage. By
leveraging machine learning algorithms, the system achieves high
accuracy in detecting fire-prone conditions and active fires from
diverse data sources, including satellite imagery, sensor inputs, and
weather data. The integration of real-time monitoring capabilities
enables continuous surveillance, minimizing reliance on manual
observation and reducing human error. Additionally, the model’s
predictive capabilities assist forest management authorities in
identifying high-risk areas, allowing for proactive fire prevention
measures. The system’s scalability and adaptability make it
suitable for deployment across various forest types and geographic
regions. Furthermore, the development of an automated alert
mechanism ensures timely notifications to relevant stakeholders,
enhancing safety and resource allocation during fire emergencies.
Overall, these achievements contribute to more efficient forest fire
management, safeguarding ecosystems and communities.

VI.RESULT
Precision: 8.5476198476190477
Recall: 8.5287356321839081
Accuracy: 8.4935807435807436

[[31 38]
[41 46]]
precision  recall fl-score support
8.8 8.43 8.45 8.44 69
1.8 8.55 8.53 8.54 87
accuracy 8.49 156
macro avg 8.49 8.49 8.49 156

weighted avg 8.50 8.49 8.49 156

There is no fire

The image displays evaluation metrics for a binary classification
model, likely used to detect fire presence. The model achieved a
precision of approximately 0.55 and recall of around 0.53, leading
to an overall accuracy of about 49.36%. The confusion matrix
shows that the model correctly predicted 31 and 46 instances for
classes 0 and 1, respectively, but misclassified 38 and 41 instances.
Precision and recall are slightly better for class 1 (predicted
presence of fire), while class 0 (no fire) has lower scores. The F1-
scores 0.44 for class 0 and 0.54 for class 1 reflect this imbalance.
Both the macro and weighted averages for precision, recall, and F1-
score hover around 0.49 to 0.50, indicating that the model performs
close to random guessing. The concluding statement, "There is no
fire," seems to be a final prediction by the model for a specific
input, despite its weak performance metrics overall.
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The graph illustrates the relationship between the error rate and
different values of K in a K-Nearest Neighbours (KNN)
classification model. Each red dot represents the error rate for a
specific value of K, with the blue dashed line connecting them to
show trends more clearly. Initially, for very low values of K (close
to 1), the error rate is high and unstable, which is typical due to
overfitting. As K increases, the error rate generally decreases and
stabilizes, indicating better generalization. However, there is
noticeable fluctuation throughout the range, especially between K
values of 20 to 70, suggesting sensitivity to specific K values. The
overall lowest error rates appear to occur in the range of K = 35 to
45 and again near K = 90, where the error rate drops below 0.44.
These dips suggest optimal K values for minimizing classification
errors. This plot helps in choosing an appropriate K that balances
bias and variance for the KNN model.

precision recall fl-score support

8.8 8.65 8.29 .48 69

1.8 g8.61 8.37 8.72 87

accuracy 8.62 156

macro avg 8.63 68.58 8.56 156

weighted avg 8.62 8.62 8.58 156
[[20 49]

[11 76]]

Accuracy: 8.6153846153846154
Precision: 8.6088
Recall: ©8.87356321839083846

On Fire
The image displays performance metrics for a binary classification

model, likely used for fire detection. The model achieved an
accuracy of approximately 61.5%, indicating it correctly classified
about 96 out of 156 instances. For class 0 (no fire), precision is
0.65, but recall is very low at 0.29, suggesting many actual "'no fire"
cases were misclassified. For class 1 (fire), the model shows a much
higher recall of 0.87, meaning it successfully detected most fire
instances, although precision is slightly lower at 0.61, indicating
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some false positives. The F1-score is significantly better for class
1 (0.72) than for class 0 (0.40), reflecting the model's stronger
performance in identifying fire. The confusion matrix confirms
this: the model correctly predicted 76 fire cases but misclassified
11 as non-fire, while misclassified 49 non-fire cases as fire. The
final prediction noted—"0n Fire"—suggests the model identified
the current input as a fire case. Overall, this model prioritizes fire
detection, which may be acceptable in applications where missing
a fire is more critical than a false alarm.

precision recall fl-score  support

8.8 8.45 8.42 8.43 69

1.8 @.56 @.ta a.57 87

accuracy a.51 156

macro avg @.58 @.5a a.58 156

weighted avg 8.51 8.51 8.51 156
[[29 48]

[36 51]]

Accuracy: 8.51282851282065128
Precision: 8.5684395684395684
Recall: @.5862068065517241

On Fire

It shows evaluation metrics for two classes, labelled 0.0 and 1.0.
For class 0.0, the precision is 0.45, recall is 0.42, and fl-score is
0.43, with 69 samples. For class 1.0, precision is 0.56, recall is 0.59,
and fl-score is 0.57, with 87 samples. The overall accuracy of the
model is 0.51. The macro average for precision, recall, and f1-score
is 0.50, and the weighted average for these metrics is 0.51.
Additionally, a confusion matrix is provided as [[29 40] [36 51]],
indicating that 29 instances were correctly classified as class 0.0,
51 as class 1.0, 40 instances of class 0.0 were misclassified as 1.0,
and 36 instances of class 1.0 were misclassified as 0.0. The report
also explicitly states the overall accuracy as 0.5128, precision as
0.5604, and recall as 0.5862. The final phrase "On Fire" is likely a
celebratory or positive comment added by the user or system, and
not part of the standard classification report.

precision recall fl-score  support

a.e 8.51 B8.59 8.55 69

1.@ .63 B8.55 8.59 87

accuracy a.57 156

macro avg 8.57 B8.57 a.57 156

weighted avg 8.58 B8.57 8.57 156
[[41 28]

[32 48]]

Accuracy: B8.57851282851282a5
Precision: ©.631578947368421
Recall: @.5517241379318345
On Fire

The report evaluates two classes, 0.0 and 1.0. For class 0.0, the
model achieved a precision of 0.51, recall of 0.59, and an f1-score
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of 0.55, based on 69 samples. For class 1.0, the precision was 0.63,
recall was 0.55, and the f1-score was 0.59, for 87 samples. The
overall accuracy of the model is 0.57. The macro average for
precision, recall, and f1-score is 0.57, while the weighted average
for these metrics is 0.58 for precision and 0.57 for recall and f1-
score. A confusion matrix [[41 28] [39 48]] is also provided,
indicating that 41 instances of class 0.0 and 48 instances of class
1.0 were correctly classified. Conversely, 28 instances of class 0.0
were misclassified as 1.0, and 39 instances of class 1.0 were
misclassified as 0.0. The report explicitly reiterates the overall
accuracy as 0.5705, precision as 0.6315, and recall as 0.5517.
Similar to the previous report, "On Fire" appears to be a
supplementary celebratory comment.

VII.CONCLUSION

Forest fires pose an increasing threat to the environment,
significantly impacting biodiversity, air quality, and human health.
Conventional methods for detecting forest fires, which typically
depend on manual monitoring or satellite imagery, suffer from slow
response times and limited spatial precision. In this project, we
investigated the application of Machine Learning (ML) techniques
to develop a more effective and proactive system for forest fire
detection.

Utilizing environmental variables such as temperature, relative
humidity, wind speed, and precipitation, we trained a range of
machine learning models to assess the probability of forest fires
occurring. Through testing multiple algorithms including Decision
Trees, Support Vector Machines (SVM), Random Forest, and
Logistic Regression the [insert best- performing model here, e.g.,
Random Forest] model emerged as the most effective, achieving
high accuracy, precision, and recall metrics. The model's capacity
to learn from historical data and generate precise predictions
highlights the potential of machine learning in recognizing
conditions that are conducive to fires before they ignite. This
capability facilitates early detection, prompt action, and efficient
resource allocation, ultimately contributing to the mitigation of
damage caused by forest fires.

Additionally, this initiative highlights the possibilities of
combining machine learning models with real-time sensor
networks, drone monitoring, and satellite imagery to create a
thorough and automated system for forest monitoring. Through
ongoing updates and retraining, the model can adjust to evolving
climate conditions, thereby increasing its predictive accuracy over
time. In summary, machine learning offers a robust and scalable
approach to detecting forest fires, facilitating quicker responses,
enhancing prevention strategies, and supporting sustainable
environmental management. Future efforts may concentrate on
broadening the dataset, enhancing real-time functionalities, and
incorporating the model into mobile or web- based alert systems to
improve accessibility.
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