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Utilising machine learning techniques in aiding forest fire detection, analysis, and prediction is not new, and these

techniques have been successfully adopted in many other countries as they have been gaining more attention. Hence,

this is probably a potential research direction to be delved into in the near future.
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1. Introduction

Fire is considered an environmental factor in the Mediterranean climate, having played an obvious evolutionary role in the

structure and function of Mediterranean climate ecosystems. In the aftermath of wildfires, accelerated erosion occurs ,

thus threatening the natural regeneration process. Additionally, it is well-acknowledged that water erosion, biodiversity,

and biotic natural capital affect recovery . To that end, emergency post-wildfire erosion-mitigation treatments are

required to enhance ecosystem sustainability as in highly fire-prone ecosystems featuring losses of biodiversity,

ecosystem function, or services following wildfire events occurring with unnaturally high frequencies, the magnitude of

extent or intensity can result in land degradation or even the complete transformation of the ecosystem. In addition to their

impacts on the carbon cycle, such events, usually called as megafires because of their size, reduce the amount of living

biomass, affect species composition, affect water and nutrient cycles, increase flood risk and soil erosion, and threaten

local livelihoods by burning agricultural lands and homes. In addition, these fires have devastating impacts on local

wildlife, as animals either are unable to escape from the fires or become threatened by the loss of their habitat, food and

shelter.

Climate change  and the wildland–urban interfaces (WUIs)  have increased the frequency and devastating impacts of

wildfires. The effects of global climate change have led to a rise in temperature and a fall in precipitation, shaping a

prolonged dry and warm period that favours the ignition and spread of wildfires . Radeloff et al.  stated that the

upsurge of new housing development in WUI areas, specifically near forest regions, generally increases the likelihood of

wildfire occurrence. The combination of the aforementioned conditions converts wildfires into megafires. A megafire is an

extraordinary fire that devastates a large area. Megafires are notable for their physical characteristics including intensity,

size, duration, and uncontrollable dimension, as well as their social characteristics, including suppression cost, damage,

and fatalities .

Forest fires recur periodically in Malaysia due to many factors, such as human negligence , topography , and

meteorology . In the last two years , haze and forest fires caused serious environmental problems in Malaysia

and its neighbouring countries. Forests play a critical role in sustaining the human environment. Most forest fires not only

destroy the natural environment and ecological balance but also seriously threaten the security of life and property. Thus,

the early discovery and forecasting of forest fires are both urgent and necessary for forest fire control, and they have

become one of the nation’s interests.

Forest fires and the resultant smoke-haze are not relatively new experiences in Malaysia. Despite improved management,

wildfires have not been completely eradicated and seem to be increasing in intensity and periodically recurring due to

many factors, e.g., climatic factors, improper peatland management, traditional slash and burn activities, and poor water

management. In 2019, haze and forest fires caused a serious environmental problem for Malaysia and its neighbouring

countries, including Indonesia, Singapore and Brunei. The forests and peatlands in Pahang caught fire in early February

2019 . In August 2019, the forest fires in Riau shrouded the entire Klang valley with dense haze. Additionally, some

major cities and towns in the state of Sarawak, including Kuching, were also affected by the haze resulting from the

Kalimantan wildfire. Subsequently, the air quality in Kuala Baram and Miri reached hazardous levels that led to Malaysia

activating its National Action Plan for Open Burning and its existing National Haze Action Plan on 14 August 2019. Many

states were shrouded, including Pahang, Kuala Lumpur, Negeri Sembilan, Penang, Putrajaya, Selangor, Sabah and

Sarawak, by the haze . Subsequently, 2.4 hectares (ha) of forest were also burned in Johor in August 2019 .
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Historical data have shown that the incidence of forest fires are more severe in Sabah  and Sarawak  than in

Peninsular Malaysia. The worst fire in Sabah happened from 1983 to 1985  due to the severe drought caused by the El

Nino phenomenon . About one million ha in mostly over-logged forests disappeared . An uncontrolled forest fire can

alter forest ecosystems and lead to social, economic, and environmental losses. Moreover, pollution from fires leads to

respiratory problems in people living hundreds of kilometres away.

From the global perspective, the explosion of machine learning and artificial intelligence had undoubtedly inspired

researchers to adopt machine learning and deep learning algorithms to combat the issues of forest fires . However,

most studies have utilised independent sets of methodology focussing on particular regions, thus preventing the

replication of experiments. Since each fire incident may be triggered or promoted by different topologies, climates,

weather, forest structures, or landcover conditions , solutions should be fine-tuned based on the study location to

effectively tackle fires.

2. Global View of Machine Learning and Forest Fire

Although traditional fire detection systems such as the CFFDRS , FDRS , and Slovenia Environment Agency fire

detection system  have been proven to be very feasible for the task of fire detection, it is plausible to improve their

detection and prediction abilities by building machine learning models with a fire database containing the historical fire

occurrences and all contributing factors of forest fires.

Bui et al.  examined forest fire susceptibility through a hybrid artificial intelligent approach that combined the usage of a

neural fuzzy inference system (NF) and particle swarm optimization (PSO) in Vietnam. This hybrid approach was named

Particle Swarm Optimized Neural Fuzzy (PSO-NF). The spatial information of tropical forest fire susceptibility was

extracted and modelled with the adoption of PSO-NF. The forest fire model was retrieved from NF, and the best parameter

values were selected through the PSO. The authors created a GIS forest fire database based on 10 factors associated

with forest fires, i.e., slope, aspect, elevation, land use, NDVI, distance to road, distance to residence area, temperature,

wind speed, and rainfall. Most of the factors were derived from the Landsat-8 remote sensing data, and the climatic data

(i.e., temperature, wind speed and rainfall) were extracted from the National Climatic Data Center (NDCC) . They also

compared their proposed algorithm (PSO-NF) with random forest and support vector machine algorithms, and the

classification accuracy attained by the PSO-NF (85.8%) surpassed the other two notable classifiers (85.2% and 84.9%,

respectively). Later, Bui et al.  proposed a new hybrid methodology by amalgamating Multivariate Adaptive Regression

Splines (MARS) and Differential Flower Pollination (DFP) into a new methodology named MARS-DFP. DFP was

appended to the MARS as a feature extractor to retrieve the spatial patterns of forest fire severity. The proposed algorithm

attained a classification accuracy of 86.57%.

Fire kernel density was utilised to detect forest fires by Monjarás-Vega et al. , who extracted the spatial patterns of fire

occurrence at the regional and national levels in Mexico by utilising geographically weighted regression (GWR) to predict

fire density. The fire kernel density was calculated by using two different approaches, which are regular grid density and

kernel density, over spatial resolutions ranging from 5 to 50 km on both the dependent and the independent variables

captured from human and environmental candidates.

The element of forest fire susceptibility was also exploited by Moayedi et al.  in a high fire-prone region in Iran. An

ensemble fuzzy method was proposed by aggregating the results retrieved from an adaptive neuro-fuzzy inference

system (ANFIS) with genetic algorithm (GA), PSO, and differential evolution (DE) evolutionary algorithms. The GIS forest

fire database was built based on 15 ignition factors, i.e., elevation, slope aspect, wind speed, plan curvature, soil type,

temperature, distance to river, distance from road, distance from village, land use, slope degree, rainfall, topographic

wetness index, evaporation, and NDVI. It should be noted that the authors did not specify the source for each of the

mentioned factors. The best performance results were attained by ANFIS-GA, with which the area under receiver

operating characteristics (AUROC) was calculated as 0.8503 and the mean squared error (MSE) was calculated as

0.1638.

Instead of predicting forest fire incidents akin to many other works, Sevinc et al.  sought to predict the probability of an

event that triggered a forest fire by utilising a Bayesian network model. The primary motivation of the authors was to

investigate the reason behind each forest fire incident, as the probable causes for almost 54% of forest fires were

disclosed to be unknown in the location of study. The empirical testing was conducted in the Mugla Regional Directorate

of Forestry area located southwest of Turkey. To assemble the Bayesian network model for each of the causes of fire

occurrence, the authors incorporated wind speed, month, distance from settlement, amount of burnt area, relative

humidity, temperature, distance from agricultural land, distance from road, and tree species. Sevinc et al.  reported an
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AUC score of 0.91 for hunting, indicating that hunting is the most plausible ignition factor for forest fires that happened

between 2008 and 2018.

Table 1 summarises the related works discussed in this section. A thorough review associated with machine learning

techniques in the task of forest fire detection or prediction as presented in .

Table 1. Summary of general machine learning classification techniques used for forest fire detection tasks.

Year of
Publication Reference Year of

Studies Dataset Objective

2017
Lam

Dong,
Vietnam

GIS database built
based on the 10 factors
associated with forest

fires

To investigate forest fire susceptibility through the
combined usage of neural fuzzy inference system (NF)
and particle swarm optimization (PSO).

2019
Lam

Dong,
Vietnam

GIS database built
based on the 10 factors
associated with forest

fire

To produce a forest fire susceptibility map through a
hybrid methodology by combining Multivariate Adaptive
Regression Splines (MARS) and Differential Flower
Pollination (DFP).

2020 Mexico

GIS database built
based on the 16 factors
associated with forest

fires

To adopt geographically weighted regression (GWR) to
predict fire density.

2020 Iran
GIS point database

utilising 15 forest fire
factors

To segregate the location into different fire-prone risks
by combining adaptive neuro-fuzzy inference system
(ANFIS) with the genetic algorithm (GA), particle swarm
optimisation (PSO), or differential evolution (DE).

2020 Turkey
Table data including

fire causes and 9
ignition factors

To investigate the probable causes for the fires by
building Bayesian networks for each fire cause along
with the ignition factors.

Deep Learning and Forest Fire

Deep learning techniques, which are gaining popularity in recent years, have also been adopted to improve the models in

the forest fire domain. Due to their success in the field of image processing and handling spatial information ,

researchers from the fire domain have also exploited similar techniques by utilising satellite remote sensing data, satellite

imageries, unmanned aerial vehicle (UAV) images (e.g., drone), and surveillance camera footage.

Zhang et al.  proposed a deep convolutional neural network (CNN) to automatically annotate the fire regions in an

image by using bounding boxes. To improve the fire patch localisation annotation, the authors designed a two-level

(cascaded) CNN where the first CNN model was trained with the full image to identify whether the image contained at

least one fire patch and the second CNN model was trained with the fire patches to accurately locate the fire regions in

the image. A total of 25 videos from a fire detection dataset  were utilised to build their dataset. The authors then

extracted one image from every five frames and resized them to 240 × 320, followed by the manual annotations of fire

boundaries with 32 × 32 bounding boxes. A subset of the data comprising 178 training images (12,460 patches) and 59

testing images (4130 patches) was used to evaluate the CNN models. A comparison of the performance of the proposed

CNN against the support vector machine linear classifier showed that the CNN achieved a detection accuracy of 90.1%

and the support vector machine only achieved a detection accuracy of 89% on the testing dataset.

A fine-tuned CNN trained with a CCTV surveillance camera containing 68,457 images was devised by Muhammad,

Ahmad and Baik . The proposed algorithm was able to detect fire in images with distinct indoor and outdoor

environments. The authors emphasised that the model could process 17 frames/s, and the performance of the model in

terms of precision, recall, and f-measure were recorded at 0.82, 0.98, and 0.89, respectively.

Hodges and Lattimer  presented a Deep Convolutional Inverse Graphic Network (DCIGN) that combined both CNN

and transpose convolutional layers to estimate the spread of wildfires after ignition from 6 h to 24 h. The authors exploited

13 fire attributes, such as aspect, fuel model, slope, moisture, and canopy height, to train the model. A precision of 0.97,

sensitivity of 0.92, and f-measure of 0.93 were found when using the proposed technique.

An AlexNet CNN model with modified adaptive pooling combined with traditional image processing was proposed by

Wang et al.  to automatically locate fire pixels from images obtained from the Corsica Fire Database. The authors

stated that the present studies only applied CNN directly to the fire images without considering colour features. Thus, they

[23][24]

[30]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]



segregated the fire regions in the images by utilising the colour features before training the CNN model. Subsequently, the

best classification accuracy of 90.7% was reported by the authors when they trained and evaluated the model using only

the segmented images instead of the full original images.

Zhang et al.  adopted 14 influencing fire factors—elevation, slope, aspect, average temperature, average precipitation,

surface roughness, average wind speed, maximum temperature, specific humidity, precipitation rate, forest coverage

ratio, NDVI, distance to roads, and distance to rivers—to train a CNN algorithm to forecast a spatial prediction map. Data

from 2002 to 2010 collected from the Yunnan Province of China were used in the research. The authors also applied

feature selection techniques such as multicollinearity analysis and information gain ratio to evaluate the importance of

each fire attribute. Additionally, an oversampling technique was employed to resolve the issue of the imbalance class

while proportional stratified sampling was also utilised to fairly compare the performance of the CNN with other

benchmark classifiers such as random forest, support vector machine, multi-layer perceptron (MLP), and kernel logistic

regression. The authors reported that a high AUC of 0.86 was attained by the proposed CNN.

To benefit from the real-time aerial images captured from UAVs, a low-power CNN deep learning algorithm based on

YOLOv3 was devised by Jiao et al.  to improve the accuracy and speed of detection. The authors utilised the UAVs’

internal computing resources to determine whether any fire pixels were detected from studied footage. They justified that

the transmission of a large amount of data from the UAVs to the cloud services was not feasible. At the same time,

contents in the videos or images may be susceptible to privacy issues. To resolve these concerns, only the results (i.e.,

fire or no fire detected) were sent from the UAVs to the cloud services. It should be highlighted that the YOLOv3 model

was trained on a desktop computer before embedding it onto the UAVs for evaluation and testing purposes. A precision of

0.82, recall of 0.79, and f1-score of 0.81 were achieved by the proposed model.

Ban et al.  proposed a deep learning framework based on a CNN to automatically identify burnt regions by training the

model with the Sentinel-1 Synthetic Aperture Radar (SAR) images. The experiments were conducted based on two fire

incidents in Canada and one fire incident in America. The authors emphasised the feasibility of SAR images in wildfire

monitoring as SAR is an active sensor that can produce microwave signals and receive the returned signals (i.e.,

backscattered). In other words, SAR does not need to rely on the availability of sunlight, so it can capture all images

during the day and night-time. By training the CNN model with SAR images containing the VV and VH polarisation, the

model was able to detect the progression of wildfires in all three of the study locations. When comparing the proposed

CNN against the traditional log-ratio method, Ban et al.  reported a considerable improvement in terms of the Kappa

metrics, which were improved by 0.11, 0.27, and 0.30 for the three respective incidents.

Similar to the work of Jiao et al. , Wang et al.  developed a lightweight YOLO and MobileNetv3 integrated with a

pruned network and knowledge distillation process to improve the speed and accuracy of real-time detection on a UAV.

They pretrained their models with the MSCOCO dataset before training the models utilising a fire dataset. A total of 1069

fire and 775 non-fire images were supplied to allow the model to learn the characteristics of fire regions. The proposed

model was able to achieve a recall of 98.41%, precision of 88.57%, and accuracy of 96.11%. While the performance of

the proposed model was on par with other baseline models, the authors emphasised that the proposed technique was

able to reduce the inference (i.e., testing) time required from 153.8 ms (YOLOv4 model) to 37.4 ms (proposed model).

This was enabled by tremendous reductions in model parameters resulting in an approximate 95.87% inference time

reduction compared with the YOLOv4 model.

Table 2 summarises all the deep learning algorithms adopted in the forest fire domain. Among the eight pieces of

literature reviewed in this section, five studies utilised images from UAV or CCTV to perform image recognition and three

studies exploited the availability of remote sensing information to perform relevant fire detection tasks.

Table 2. Summary of deep learning techniques in forest fire detection tasks.

Year of
Publication Reference Dataset Objective Algorithm

2016 Image: unmanned aerial
vehicle (UAV)

Establish computer
vision/image
recognition

Full image and fine-grained patch fire
classifier with deep convolutional neural
networks (CNNs)

2018 Image: CCTV surveillance
camera

Establish computer
vision/image
recognition

Fine-tuned CNN
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Year of
Publication Reference Dataset Objective Algorithm

2019
Remote sensing data

consists of 13 fire-
influencing attributes

Estimate the spread of
wildfires

Deep Convolutional Inverse Graphic
Network (DGIGN)—Deep CNN and
transport CNN

2019 Image: Corsica Fire
Database

Establish computer
vision/image
recognition

Conventional image processing,
AlexNet CNN, and modified adaptive
pooling

2019
Remote sensing data

containing 14 fire-
influencing factors

Classify fire pixels Feature selection: multicollinearity
analysis/information gain ratio and CNN

2019 Image: UAV
Establish computer

vision/image
recognition (real-time)

Low-power YOLOv3 CNN

2020
Satellite Image: SAR

Image (Sentinel-1
Synthetic Aperture Radar)

Establish automatic
burnt region detection CNN

2021 Image: UAV
Establish computer

vision/image
recognition

Lightweight YOLO and MobileNetV3
with pruned network and knowledge
distillation
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