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Abstract
A reliable forest fire susceptibility map is a necessity for disaster management and a primary reference source in land use
planning. We set out to evaluate the use of the LogitBoost ensemble-based decision tree (LEDT) machine learning method for
forest fire susceptibility mapping through a comparative case study at the Lao Cai region of Vietnam. A thorough literature search
would indicate the method has not previously been applied to forest fires. Support vector machine (SVM), random forest (RF),
and Kernel logistic regression (KLR) were used as benchmarks in the comparative evaluation. A fire inventory database for the
study area was constructed based on data of previous forest fire occurrences, and related conditioning factors were generated from
a number of sources. Thereafter, forest fire probability indices were computed through each of the four modeling techniques, and
performances were compared using the area under the curve (AUC), Kappa index, overall accuracy, specificity, sensitivity,
positive predictive value (PPV), and negative predictive value (NPV). The LEDT model produced the best performance, both
on the training and on validation datasets, demonstrating a 92% prediction capability. Its overall superiority over the
benchmarking models suggests that it has the potential to be used as an efficient new tool for forest fire susceptibility mapping.
Fire prevention is a critical concern for local forestry authorities in tropical Lao Cai region, and based on the evidence of our
study, the method has a potential application in forestry conservation management.

1 Introduction
Natural disturbances that threaten forest landscapes include
wildland fires, blowdown, insect pests and forest pathogens,
and depending on the associated landforms, geomorphic mass
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movement such as avalanches, landslides, and debris flows
(Pourghasemi 2016). Despite the fundamental ecological role
of fire in the cyclic functioning of ecosystems, it remains an
ever present danger for complete or partial forest destruction
along with associated flora and fauna, as well causing wider
ecological and atmospheric depletion (Pausas et al. 2018;
Pellegrini et al. 2017). Further, forest fires in their natural role
in the forest succession-regression formative pattern pose a
perpetual threat to adjacent human settlements in terms of lives,
structures, and infrastructure (Huebner et al. 2012). The symptoms of climate change, reductions in precipitation, increasing
temperatures, an extended dry season, and the negative impact
of human activity have increased the potential for forest fires in
many regions (Ngoc-Thach et al. 2018; Tien Bui et al. 2018a;
Wallace et al. 2016), and there is global evidence of greater
frequency, size, and severity, with a proportionate increase in
human fatality and remedial costs (North et al. 2015). Another
possible disruption of climate change would be alterations in
plant distribution (Lamsal et al. 2017; Ramirez-Cabral et al.
2018; Ramirez-Cabral et al. 2017; Shabani et al. 2017), which
could be dynamics of fuel load. Forest fires are a predominant
environmental threat, undoing the costs and achievements of
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conservation strategies, wreaking ecological destruction, and
suffering to all forms of life in the pathway (Cortez and
Morais 2007). At ground level, organic matter, fundamental
to the maintenance of optimum soil humus-level components,
is compromised by fire (Ghobadi et al. 2012). The ecological
impact of such devastation makes it essential to recognize and
manage the forest fire-prone areas. The research question is
thus: What improvements can be made to current techniques
to enhance the reliability of forest fire probability studies?
Current methods in probability mapping pinpoint where outbreaks are likely to take place, making no clear prediction of
when the event will occur. This qualifies as susceptibility mapping (Carrara and Guzzetti 2013), which is also called as spatial
prediction of fire danger as defined by Food and Agriculture
Organization of the United Nation (FAO 2001). Detailed discussion of forest fire hazard and risk can be found in Chuvieco
et al. (2010) and FAO (2001). Further, the current technology
applied for the control of such natural events has three component categories: predicting, monitoring, and prevention (Lin
et al. 2018; Yuan et al. 2015); therefore, mapping susceptibility
is imperative for the planning of prevention measures.
Reviewing the associated literature reveals that many studies
have analyzed forest fire occurrence, employing a variety of
methods, fire area simulator (FARSITE) (Jahdi et al. 2014)
and fuel moisture content (FMC) (Chuvieco et al. 2004) related
specifically to fire analysis, while general statistical methods
include generalized Pareto distribution (Westerling et al.
2011), Poisson regression (Wotton et al. 2010), generalized
additive model (Vilar et al. 2010), favorability functions
(Verde and Zêzere 2010), weights of evidence (Hong et al.
2017a), and Monte Carlo simulations (Carmel et al. 2009).
Analysis involves a complex, non-linear process and model
prediction accuracy is often unsatisfactory. Some studies have
applied geographic information system (GIS) (Teodoro and
Duarte 2013) and remote sensing (RS) (Arnett et al. 2015)
techniques, incorporating a broad selection of variables.
Examples of these include mapping landscape changes caused
by fire (Wallace et al. 2016) and detecting and monitoring fire
activity (Hally et al. 2016; Wickramasinghe et al. 2016).
Recent advances in data mining-based pattern recognition
(Lemaître et al. 2017; Perner 2018) have facilitated a wide range
of methodologies used in conjunction with forest fire inventories
and available meteorological geographical data. Machine learning techniques such as decision tree (DT) (Tehrany et al. 2017;
Tehrany et al. 2013), support vector machine (SVM) (GonzalezOlabarria et al. 2012), and artificial neural networks (ANN)
(Petropoulos et al. 2010); statistical approaches such as frequency ratio (FR) (Tehrany et al. 2014a) and kernel logistic regression
(KLR) (Tien Bui et al. 2016b); and qualitative methods such as
analytic hierarchy process (AHP) (Pourghasemi et al. 2016) are
commonly used for modeling and simulation of forest fires.
There are pros and cons to each of these methods. In AHP,
the forest fire and spatial data form the basis of the expert
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knowledge required to weight the parameter maps from which
the susceptibility map is derived. Where there is a lack of
information about the study area, the results may then be based
on unrelated information (Yilmaz 2009). The ANN technique
is classed as robust; however, Gomez and Kavzoglu (2005)
have argued that a weakness is its tendency toward oversimplification when the data are inadequate and consequently its
limitation in applications with limited data. FR and other statistical approaches are most useful for models that assume that
the input variables may be based on previous occurrences
(Pradhan et al. 2007). However, where the sets of influential
factors are complex and factors other than the standard climatic
factors of temperature, rainfall, humidity, and wind apply,
without the inclusion of these may render results inaccurate.
Comparative studies have shown that, generally, machine
learning models have produced greater accuracy than statistical
models when applied to fire occurrences (Massada et al. 2013).
Oliveira et al. (2012) demonstrated that the random forest (RF)
algorithm had greater predictive ability than the standard multiple linear regression model when applied to spatial patterns of
fires occurring in Mediterranean Europe. However, Pourtaghi
et al. (2015) indicated that RF modeling performs less efficiently than other machine learning models. Massada et al.
(2013) compared RF, maximum entropy (ME), and generalized linear model (GLM) in an examination of the distributions
of wildfires in Huron–Manistee National Forest (USA), concluding that these three machine learning models were equal in
terms of fit, while RF and ME showed slightly better predictive
capability than GLM under that specific study application.
More recently, ensemble modeling frameworks have been
seen to enhance performance in predictive modeling (Lee and
Oh 2012; Tien Bui et al. 2016a; Truong et al. 2018). These
include stacking, random subspace, and rotation forests
(Rodriguez et al. 2006), bagging (Breiman 1996), AdaBoost,
and MultiBoost (Webb 2000), which can be subdivided into
the categories of heterogeneous and homogeneous (Bian and
Wang 2006). The heterogeneous ensemble category (Tien Bui
et al. 2016a) contains a number of different algorithms in the
final ensemble classifier, such as in, while the homogeneous
ensemble category utilizes only one algorithm, with the basic
training data divided into subsets forming classifiers from
which a committee is constructed (Maudes et al. 2012).
Nevertheless, ensemble framework is still rarely explored for
modeling forest fire susceptibility.
Our aim in this study is to expand the body of knowledge by
proposing a new hybrid machine learning technique, in practice
a combination of LogitBoost ensemble and decision tree
(DEDT), which is effective in forest fire susceptibility mapping.
To the best of our knowledge, DEDT has not been used previously for forest fire modeling. The main advantage of DEDT, as
opposed to ANN or SVM, is its proven high prediction capability (Dettling and Bühlmann 2003). In addition, DEDT has
the capability to provide probability estimates, such as in the
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case of forest fires, which can be used to create the susceptibility index. Forest fire susceptibility maps are now regarded as
essential tools for wildfire management warning systems
(Wickramasinghe et al. 2016). The effectiveness of the proposed model was further assessed by a comparative evaluation
with benchmarks, SVM, RF, and KLR.

2 Study area and data
2.1 Description of the study area (Lao Cai area)
Our study area (Fig. 1) of around 1946 km2 included Lao Cai
City and parts of Sa Pa and Bat Xat districts in the mountainous
northwest of Lao Cai Province, Vietnam. The locality is southwest of the Thao River and northeast of the Hoang Lien Son

Fig. 1 Location of the study area and forest fire inventory map
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Mountains, between longitudes 103° 32′ E and 104° 05′ E and
latitudes 22° 08′ N and 22° 48′ N. The site varies in altitude from
approximately 200 m in Thao River valley to 3143 m above sea
level at the Fansipan peak in the Hoang Lien Son Mountains,
which is the highest altitude in Vietnam. The Hoang Lien Son
range has a total annual rainfall of 2000 to 3600 mm, 80–85% of
which occurs between June and August. The Lao Cai area, in
which the Thao is the largest river, comprises a high drainage
density of approximately 1.75 km/km2. The rock formation
comprises a heterogeneous crust of sedimentary, metamorphic,
and igneous rocks from different ages, formed in the multiple
stages of the Indosinian orogeny (Trinh et al. 2012).
Annually during March and April, hot dry winds blowing
from the Than Uyen District impact negatively on the vegetation, increasing the likelihood of forest fires at that time of
year. During this season, dry leaves fall and winds blow hotter,
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producing ideal conditions for fires over areas with forest and
shrub vegetation (Product et al. 2002). Between 1994 and
2000, Lao Cai experienced over 200 forest fires, 16 cases
(8%) occurring in the protected area. Our study is based on
data from forest fires occurring between 2008 and 2016, but
excluding 2011, during which there were no fires recorded for
the selected catchment area.

2.2 Forest fire inventory
Forest fire susceptibility models analyze the correlations
among the historical occurrences and corresponding conditioning factors (Higuera et al. 2015). Thus, the first stage of
the process is the preparation of an inventory map of forest
fires of the region, based on the assumption that future forest
fire events in the same location may be predicted by analyzing
the complete data of past occurrences (Tehrany and Jones
2017). The inventory map displays past forest fire locations
in the selected study area. Our inventory map included 257
historical fire localities (Fig. 1). Possible inventory map
sources are in situ mapping, aerial photography, and remote
sensing (Cloke and Pappenberger 2009). In our study, the
inventory data, based on data from forest fires occurring between 2008 and 2016 (excluding 2011), was obtained from
the Department of Forest Protection, the official forest fire
database for Vietnam, at http://www.kiemlam.org.vn/
firewatchvn/ (Ministry of Agriculture and Rural
Development of Vietnam 2016). This inventory map has been
produced by digitizing the aerial photos captured from the
study area over the years. For the selected catchment, there
was no any fire event reordered for 2011.
Spatial and temporal robustness are two measures of
assessing an inventory (Althuwaynee et al. 2014). For temporal
robustness, the multi-temporal inventory data is divided into
past incidence, used for training purposes, and future incidence,
reserved for validation purposes. For spatial robustness, the
inventory is divided randomly into training (70%) and testing
(30%) data. When a comprehensive dataset is available, these
methods may be integrated. We used random selection tool in
ArcGIS was utilized to establish our training and testing
datasets, with inventory data for the period 2008–2012 (excluding 2011) for training the model and inventory data for the
period 2013–2016 for validation (Fig. 1). The training data
was used for model construction and the testing data for
confirming model accuracy (Chung and Fabbri 2008).

2.3 Multi-source geospatial data
The selection of appropriate conditioning factors is paramount
in modeling forest fires. Pradhan et al. (2007) have argued that
soil, vegetation, slope, aspect, and land use are major factors
that should be included. Ghobadi et al. (2012) made use of
vegetation, topography, slope, and aspect, as well as the
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Normalized Difference Vegetation Index (NDVI) and meteorology factors in developing, a forest fire susceptibility map
for Iran. Motazeh et al. (2013) rated vegetation, slope, and
distance from settlements as major factors in a study mapping
probability of forest fires in the Asalem Nav forests of Iran.
Thus, conditioning factors for the susceptibility mapping of
forest fires are selected by the user from data that are available
and relevant, in that the factors selected influence the quality
of the resulting prediction models (Verde and Zêzere 2010).
Forest fires are affected not only by the non-climatic factors of
topography and vegetation but also by human factors (Guo
et al. 2016), as well as standard climatic factors such as temperature, wind, and rainfall.
2.3.1 Topographic data
Topographic data rate among the most important factors for
inclusion in a fire susceptibility model. The impacts of slope,
degree, aspect, and elevation on the behavior of fire have
received much coverage (Bassett et al. 2015; Kane et al.
2015; Nami et al. 2018; Parisien et al. 2012). Topographic
factors influence ignitions, in terms of vegetation, climatic
conditions, and human accessibility. Elevation impacts directly on temperature, moisture, and wind (Gao et al. 2011) and,
thus, plays an important role in the spread of fires (Jaiswal
et al. 2002). However, the severity of fire behavior is often
reduced at higher altitudes, due to higher rainfall (Adab et al.
2013). Another topographic parameter that may influence the
rate of spreading of fires is slope, in that fire ascends a slope
more quickly than it descends (Pourtaghi et al. 2015), and is a
more influential factor in fire propagation than altitude. Slope
aspect, or direction, demonstrates a correlation with the quantity of solar energy received in the area and was, thus, chosen
as a forest fire conditioning factor. In the Northern
Hemisphere, south-facing slopes receive greater sunlight,
leading to higher temperatures, stronger winds, lower humidity, and lower fuel moistures. Thus, vegetation is likely to be
drier and less dense on south-facing slopes than those facing
north (Prasad et al. 2008). Drier vegetation has a greater tendency to ignition (Setiawan et al. 2004). Additionally, earlier
in the day, east-facing aspects receive greater direct sunlight
and ultraviolet radiation than west-facing aspects.
Consequently, east-facing slopes dry faster. To compute the
slope and aspect in the study area, a digital elevation model
(DEM) with 30 × 30 m was generated based on national digital topographic maps, employing ArcGIS 10.4 software. The
slopes produced by the DEM for the study area are displayed
in Fig. 2a, the elevations in Fig. 2b, and the aspects in Fig. 2c.
2.3.2 Land use and NDVI
Human activities provide many potential sources of ignition that
may impact on forest fire susceptibility (Nepstad et al. 2008).
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Fig. 2 Forest fire conditioning factors. a Slope, b elevation, c aspect, d land use, e distance to residential areas, f NDVI, g rainfall, h temperature, i wind
speed, and j humidity

Thus, land use was selected as a conditioning factor. The land use
map (Fig. 2d) provided by the local authority features 11 groups,
at a scale of 1:50,000. The map is the product of a national land

use inventory project, executed during 2014. The normalized
difference vegetation index (NDVI) formed the basis of the assessment of vegetation cover. NDVI is the most popular index
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Fig. 2 (continued)

for assessment of live fuel moisture levels (Chuvieco et al. 2004).
The NDVI was computed using Landsat-8 Operational Land
Imagery at a resolution of 30 m, sourced from the USGS archive
(http://earthexplorer.usgs.gov).

Several steps are involved in measuring NDVI
(Skakun et al. 2016). Initially, the rescaling coefficients
provided in the Landsat-8 metadata file were utilized to
convert digital number (DN) values to top of
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Fig. 2 (continued)

atmosphere (TOA) reflectance. The reflectance value
was calculated using the equation below:
0

ρλ ¼ M ρ Qcal þ Aρ

ð1Þ

where ρλ′ = TOA reflectance, Mρ = band-specific multiplicative rescaling factor from the metadata, Qcal = quantized and calibrated standard product pixel values (DN),
and Aρ = band-specific additive rescaling factor from the
metadata.
Secondly, TOA reflectance with a correction for the sun
angle is then:
ρλ
ρλ
¼
ρλ ¼
cosðθSZ Þ sinðθSE Þ

ð2Þ

where ρλ = TOA planetary reflectance, θSZ = local solar zenith
angle, and θSE = local sun elevation angle. The scene center
sun elevation angle in degrees is provided in the metadata.
Finally, the computation of NDVI was based on the following equation:
NDVI ¼

NIR−RED
NIR þ RED

ð3Þ

where NIR denotes the near-infrared band (0.851–0.879 μm,
band 5) and RED denotes the red band (0.636–0.673 μm,
band 4). Our NDVI map (Fig. 2f) includes seven classes determined using the natural breaks algorithm.

2.3.3 Distance to residential areas
Forest fires in Vietnam are frequently caused by human activities
such as burning grass, hunting using fire, and forest exploitation
of Le et al. (2014). Thus, Bdistance to residential area^ was
selected as a conditioning factor. The residential areas were extracted from the land use map (Fig. 2d) produced by the Ministry
of Natural Resources and Environment (Vietnam) and used to
generate a residential area map, with six classes (Fig. 2e).

2.3.4 Climatic data
Average climatic values for the following sets of months which
had returned the most forest fires were incorporated into the
climatic dataset: (1) February, March, April, May, September,
and November 2014; and (2) February 2009. Four climatic
factors, temperature, wind speed, relative humidity, and rainfall, were included, on the basis of their proven influence on
spread rate and fire intensity in other studies (Drobyshev et al.
2012; Jolly et al. 2015). In our study, climatic data of average
maximum monthly temperature, average monthly wind speed,
average monthly relative humidity, and average monthly total
precipitation were obtained from Climate Forecast System
Reanalysis (CFSR), available at https://www.ncdc.noaa.gov/.
The temperature map includes nine classes (Fig. 2h), with six
for the wind speed map (Fig. 2i). The relative humidity map
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(Fig. 2j) includes nine classes, and the rainfall map, eight classes (Fig. 2g). Classes were determined by means of the natural
breaks algorithm incorporated into ArcGIS 10.4.

3 Theoretical background of the methods
used
3.1 LogitBoost machine learning ensemble
A literature search gave no indication that LogitBoost
ensemble-based decision tree (LEDT) has to date been applied
to forest fire susceptibility mapping. Boosting incorporates the
machine learning ensemble algorithm (Schapire and Singer
1999), into the supervised learning framework. The purpose
of its design is to reduce bias and variance, and it was initially
used for combining non-complex classifiers to enhance performance in classification (Cai et al. 2006). The technique
optimizes the multinomial likelihood, which facilitates its application in multiclass problems (Pham et al. 2016). The
boosting algorithm was formulated by Friedman et al.
(2000), who incorporated the AdaBoost algorithm to improve
statistical results. The derivation of the LogitBoost algorithm
is by means of applying logistic regression to the AdaBoost
generalized additive model.
Consider the forest fire training dataset D ¼ fxi ; yi gNi with
xi ∈ Rn as input data, n conditioning factors, and N data samples. Our study included the aforementioned ten input variables, and the output yk ∈ {1, 0} denotes a separation into two
classes, forest fire and non-forest fire. LogitBoost generates an
ensemble model that consists of m tree-based classifiers using
the following equation (Dettling and Bühlmann 2003):

2
ðmÞ ðmÞ
z i − f ð xi Þ
ð4Þ
f ðmÞ ¼ argmin f ∑ni¼1 wi
where f

(m)

ðmÞ

is a tree-based classifier, wi

is weights deriving

ðmÞ

from Eq. 5, and zi is working responses obtaining from Eq. 6.


ðmÞ
wi ¼ pðm−1Þ : 1−pðm−1Þ
ð5Þ
ðmÞ

zi

¼

yi −pðm−1Þ ðxi Þ

ð6Þ

ðmÞ

wi

where p(xi) is probability estimates.
The ensemble model is updated using Eq. 7 and the class
probability is computed using Eq. 8 as below:
F ðmÞ ðxi Þ ¼ F ðm−1Þ ðxi Þ þ

pðmÞ ðxi Þ ¼

1 ðm Þ
f ðxi Þ
2

1
1þ

ðm Þ
e−2 F ðxi Þ

ð7Þ
ð8Þ

3.2 Decision stump-base classifier
In this case, LogitBoost was trained using decision stumps as
based learners, which is a common practice (Sheng et al. 2014;
Valdes et al. 2016) in that it is effective for domains without
inherent a priori learning. Decision stumps can be used with a
variety of categories of features, including nominal, binary, and
continuous, as well as in the case of missing values (De Comité
et al. 2003). By definition, a decision stump constitutes a DT
model with only one level (Iba and Langley 1992). Thus, the
root links directly to the leaves and decisions are made entirely
through the value of a single input attribute.
Three parameters define decision stumps: (1) the index j of
the feature x that it cuts, xj; (2) the threshold θ of the cut; (3) the
sign of the decision (values ≠ θ).
Despite its apparent simplicity, this classifier achieves a competitive result with boosting. LogitBoost was used to generate
subsets, which were used for the construction of the base classifier
using decision stump. Because the number of the base classifier
influences the model performance, a trial and error test was carried
out by varying the number of subsets from 1 to 100 and then
computing the classification accuracy of the resulting model. The
result showed that the model with 90 subsets had the highest
classification accuracy. Therefore, the best LogitBoost ensemble
model in our study was based on the 90 decision stump classifiers.

3.3 Benchmark methods
It has already been stated that machine learning methods generally outperform statistical techniques in modeling complex
non-linear phenomenon (Kotsiantis et al. 2007; Oliveira et al.
2012). Consequently, in forest fire predictions which depend on
optimum results, this was a natural choice. Therefore, RF,
SVM, and KLR were used for comparison and their methodologies and suggested citations were included in the manuscript.
3.3.1 Random forests
Random forests (RFs) developed by Breiman (2001) are powerful, manipulable decision tree-based ensemble classifiers. The
RF algorithm applies bootstrapping to subsets of the observations to produce random binary trees. The original data is sampled randomly to produce the training data for building the
model. Data excluded are described as Bout-of-bag^ (OOB)
(Catani et al. 2013). The power of a variable is estimated by
the algorithm, by replacing one variable at a time with OOB
data and measuring the change in the prediction error. The
model output defines the probability of membership to one of
two classes, Bforest fire^ or Bno-forest fire.^ RFs have two
parameters requiring user adjustment: (1) the number of trees
BT,^ (2) the number of variables Bm,^ chosen stochastically
from the available set of features. It should be noted that trees
in the RF are fully grown without pruning (Chan and Paelinckx
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2008); thus, pruning parameter is not required. Micheletti et al.
(2014) proposed the selection of a large number of trees and
basing the number of variables on the square root of the input
space dimensionality. In our study, BT^ was fixed at 500 after a
preparatory analysis, while the Bm^ value of variables sampled
at each node was calculated as 10 (Vafaei et al. 2018). The
parameters were adjusted without the need for a calibration
set. Two types of error calculation were applied to the RF model: average decrease in accuracy and average decrease in node
impurity (average decrease Gini). This measure of difference
can be applied to variable selection by ranking variables hierarchically (Calle and Urrea 2010). A more detailed description
of the method may be found in Belgiu and Drăguţ (2016).
3.3.2 Support vector machine
SVM, like RF, is a powerful supervised learning method, capable of outperforming many conventional methods
(Mojaddadi et al. 2017; Sugumaran et al. 2007; Tehrany et al.
2015; Tien Bui et al. 2013). The technique involves the forming
of a hyperplane separated from the training dataset. Generation
of the hyperplane occurs in the original space formed by n
coordinates (xi parameters in vector x) between the points of
two distinct classes (Marjanovic et al. 2011). SVM establishes
the maximum margin of separation between the two classes
and creates a separation hyperplane, based on the maximum
margin linear classifier (Pradhan 2013). Points above the hyperplane are classified + 1, while the remaining points are classified − 1. Training points nearest the optimal hyperplane are
described as support vectors. After defining the decision surface, new data may be classified (Tien Bui et al. 2012a).
The SVM algorithm estimates the optimal separating hyperplane, which can divide the training dataset into the two
classes, forest fire and non-forest fire (1, − 1). The classification decision function is expressed as:


gðxÞ ¼ sign ∑ni¼1 yi α j K xi ; x j þ b

ð9Þ

where K(xi, xj) is the kernel function.
For SVM in this study, we used the radial basic function
(RBF) kernel (Scholkopf et al. 1997). Kernel values need
careful consideration, as SVM model performance is strongly
influenced by the kernel width (γ) and the regularization (C).
To determine these values, we used the Grid Search Method,
as suggested by Tien Bui et al. (2012b), concluding that a γ
value of 0.575 and a C value of 10 were the best-suited values
to the study area. Tehrany et al. (2014b) and Hong et al.
(2017b) both cover this algorithm in full details.
3.3.3 Kernel logistic regression
Kernel logistic regression (KLR) (Jaakkola and Haussler
1999) is a powerful machine learning techniques, which uses
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kernel functions to map input data from the original space into
a high-dimensional feature space in which the data are linearly
separated. Assume the training dataset ðxi ; yi ÞNi ¼ 1 with xi ∈
Rn as input data, n conditioning factors, and N data samples.
Our study included the aforementioned ten input variables,
and the output yk ∈ (1, 0) denotes a separation into two classes,
forest fire and non-forest fire. KLR constructs a non-linear
decision boundary that separates these two classes in the feature space, based on the following equation:
pðxÞ ¼


eyðxÞ
¼ ∑Ni¼1 ∝i K xi ; x j þ b
y
ð
x
Þ
ð1 þ e Þ

ð10Þ

where y(x) is the logistic function with values in [0, 1], ∝i is a
vector of dual model parameters, b is the intercept, and K(xi,
xj) is the kernel function. We selected RBF on the basis that it
is the most frequently selected function (Hong et al. 2015;
Tien Bui et al. 2016c).




2
K xi ; x j ¼ exp − xi −x j
=2δ2
ð11Þ
where δ is the tuning parameter controlling RBF kernel
sensitivity.
The parameters ∝i and b were derived by minimizing the
negative log-likelihood function in the following expression:
1
Min ∝ K ∝ þ C∑Ni¼1 logð1 þ expðK 1i ∝ÞÞ−C∑Ni¼1 yi ðK 1i ∝Þ
2

ð12Þ

where C is the regularization parameter controlling the tradeoff
between the model complexity and degree of data fitting; K1i is
the i-th row in the kernel matrix. The KLR modeling was performed using the RBF kernel, after selecting a γ value of 0.085
and Lambda value of 0.097, using the Grid Search Method.

4 Research methodology
The flowchart presented in Fig. 3 illustrates the organization
of our study methodology, which falls into three stages:
&
&
&

Geospatial database and feature selection
Training and arrangement of model
Assessment of model performance (TP, TN, FP, FN, PPV
(%), NPV (%), sensitivity (%), specificity (%), ACC (%),
kappa, and AUC)

4.1 Geospatial database and feature selection
The first stage involved the construction of the spatial database comprising the inventory data and the ten conditioning
factors, slope (°), aspect (direction), elevation (m), distance to
residential areas (m), land use, NDVI, rainfall (mm),
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temperature (°C), wind speed (m/s), and humidity. Inventory
data was apportioned to training or testing.
In regression analysis, it is essential to consider how correlation affects the independent variables. In a machine learning
model, removal of conditioning factors with negative predictive values and those equal to zero enhances the prediction
capability (Martínez-Álvarez et al. 2013; Tien Bui et al.
2016c); hence, the comparative predictive ability of individual
conditioning factors should be calculated before the main
modeling. Due to its efficiency, we used the Pearson correlation method for this purpose to ensure the relevance of individual conditioning factors in occurrences of forest fires.

4.2 Training and arrangement of model
As our primary objective was the assessment of LEDT in
predicting forest fire, this technique was modeled first to establish conditioning factor and inventory data correlations. SVM,
RF, and KLR were subsequently applied for comparative purposes. The programming of all models was executed using
Weka 3.9 in Matlab by means of the application programming
interface (API). A probability index was computed from each
technique. Using AUC, Kappa index, and other evaluation techniques presented in Fig. 3, the reliability of the LogitBoost model was rated against the three benchmark models.

4.3 Assessment of model performance
The statistical evaluation measures of overall accuracy, specificity, sensitivity, positive predictive value (PPV), and negative predictive value (NPV) were applied to measure comparative performance of our models (Pham et al. 2018a, b; Tien
Bui et al. 2016b). Overall accuracy, sensitivity, and specificity
measure the proportion of training and testing samples for
forest fires and non-forest fires, respectively, that are correctly
classified. PPV and NPV estimate the probability of training

overall accuracy ¼

TP þ TN
TP þ TN þ FP þ FN

ð13Þ

TN
FP þ TN
TP
Sensivity ¼
TP þ FN
TP
PPV ¼
FP þ TP
TN
NPV ¼
FN þ TN

ð14Þ

Specificity ¼

ð15Þ
ð16Þ
ð17Þ

where true positive (TP) and true negative (TN) are the number of samples in the training and validation datasets, correctly
classified to the forest fire and non-forest fire classes, respectively. False positive (FP) and false negative (FN) are the
number of samples in the training and validation datasets erroneously classified.
The receiver operating characteristic (ROC) curve can
be used for assessing forest fire susceptibility modeling
performance. The ROC curve is formed by using sensitivity as the Y-axis and 1-specificity as the X-axis, incorporating various cutoff thresholds (Chen et al. 2017;
Hosmer and Lemeshow 2000; Tien Bui et al. 2018b).
The area under the ROC curve (AUC) measures the
model’s ability of a model to predict forest fire and
non-forest fire pixels. An AUC value of 1 indicates a
perfect model, while an AUC value of 0 indicates a
non-informative model (Tien Bui et al. 2013). A higher
AUC value indicates a greater predictive ability of a
model. Bui et al. (2017) and Kantardzic (2011) correlated the prediction ability of the model and AUC as follows: poor (0.5–0.6), average (0.6–0.7), good (0.7–0.8),
very good (0.8–0.9), and excellent (0.9–1).

Forest fire conditioning
factors dataset
Slope;
Elevation;
Aspect;
Landuse
Distance to residential areas;
NDVI;
Rainfall;
Temperature
Wind speed;
Humidity

Pearson Correlation Evaluation

Fig. 3 Methodology flowchart
for this research

and testing dataset samples correctly classified to the forest
fire class and non-forest fire class, respectively.

Training points

Modelling
LogitBoost ensemble
based decision tree
Support vector machine
(SVM)-RBF
Random forest (RF)
Kernel logistic
regression (KLR)

Forest fire inventory

Forest fire
susceptibility maps

Testing points

Validation

True positive (TP)
True negative (TN)
False positive (FP)
False negative (FN)
Positive predictive value (PPV) (%)
Negative predictive value (NPV) (%)
Sensitivity (%)
Specificity (%)
Overall accuracy (%)
Kappa statistic
AUC
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5 Results and discussion
5.1 Feature selection using Pearson correlation
evaluation analysis
Table 1 lists predictive value for all conditioning factors using
Pearson correlation evaluation (PCE) for the study area. None
were excluded as all showed a positive predictive value, with
NVDI (0.479) having the highest, followed by slope (0.187)
and altitude (0.103).

5.2 Model performance, validation, and comparison
A forest fire probability index of quality assessment values
was calculated for each of the four models, using the training
dataset to compare performance and the testing dataset for
validation. The TP, TN, FP, FN, PPV (%), NPV (%), sensitivity (%), specificity (%), ACC (%), kappa, and AUC values of
these four models are shown in Table 2.
The comparative performance evaluation of the four machine learning forest fire models based on the training dataset
is shown in Table 2(a). Evaluating the classification of forest
fire pixels, the LogitBoost ensemble model indicated superior
sensitivity (89.7%), followed by the SVM model (87.2%) and
the KLR model (86.2%). Similarly, in terms of the classification
of non-forest fire pixels, LogitBoost demonstrated the greatest
specificity (93.3%), followed by SVM (89.9%) and KLR
(91.0%). In terms of overall accuracy, LogitBoost exceeded
the other three models, with a 91.44% rating. LogitBoost also
returned the highest kappa index (0.829), followed by SVM
(0.781) and KLR (0.759), highlighting the significant mirroring
of reality in all the models. All four models responded well to
the ROC curve method with an AUC > 0.9. LogitBoost was
again superior with an AUC of 0.973.
A comparative validation using the testing data was also
carried out. The results are shown in Table 2(b). This dataset
facilitates a comparison of the predictive power of the models.
Table 1 Predictive ability assessment of the forest fire influencing
factor using Pearson correlation evaluation (PCE)
No.

Influencing factor

Predictive power value

STD

1
2
3
4
5
6
7
8
8
10

NDVI
Slope
Elevation
Wind speed
Distance to residential areas
Temperature
Humidity
Land use
Aspect
Rainfall

0.479
0.187
0.103
0.098
0.079
0.073
0.029
0.02
0.014
0.013

0.010
0.025
0.013
0.022
0.014
0.019
0.016
0.017
0.008
0.011
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A graphic illustration of the comparative AUC results is
shown in Fig. 4.
The LogitBoost model once again demonstrated the greatest
level of sensitivity (85.1%), in terms of classifying forest fire
pixels, followed by the SVM and KLR models. However, in
terms of classifying non-forest fire pixels, RF showed a higher
specificity (85.9%) than LogitBoost (82.2%). For overall accuracy, LogitBoost returned the highest value (83.57%), with KLR
lowest (75.71%). The ROC curve validation of the testing dataset
is shown in Fig. 4 and Table 2(b). Both LogitBoost and RF
demonstrated high performance (AUC > 0.9), with LogitBoost
slightly superior (AUC = 0.924).
In general, model predictive power based on the testing set
was lower than expected and did not match the training dataset
performances. KLR and SVM both demonstrated high overall
accuracy and kappa values using the training dataset but performed poorly using the testing dataset. SVM surpassed RF in
training data accuracy and AUC, but in terms of predictive
power, the RF values of 0.909 AUC and 82.86% ACC
exceeded the SVM values. Overall, LogitBoost outperformed
the other methods and generated the most accurate outcomes,
although all four models proved to be acceptable for susceptibility mapping in the study area. It can be concluded that
LogitBoost displayed the best performance in this study and
demonstrated the robustness of machine learning in complex
data modeling and prediction.

5.3 Forest fire susceptibility mapping results
All LogitBoost index values of forest fire probability were in
the range 0 to 1 and a forest fire susceptibility map was produced. Using the natural break method (Bednarik et al. 2010),
the probability index map was reclassified into the following
five susceptibility categories: no forest fire (0.0–0.5), low (0.5–
0.6), moderate (0.6–0.7), high (0.7–0.8), and very high (0.8–1).
There are several classification schemes available (e.g.,
quantile, natural break) which each one leads to different results, as they make very different statements about how values
should be categorized (Tehrany et al. 2014b). The quantile
classification has a disadvantage in that it places widely differing values into the same class and, hence, was not used in
this study. Using equal intervals was also found to be not
practical since it emphasizes one class of susceptibility relative to others (Ayalew et al. 2004). Based on the literature
(Pourtaghi et al. 2015), natural break is a popular method to
classify the probability index into the susceptible zones
(Pourghasemi et al. 2012). The reason is that this technique
recognizes break points by searching for patterns inherent in
the data (Xiao et al. 2006). Therefore, this technique was utilized in the current research.
The susceptibility map is presented, divided into category
areas in Fig. 5. The no forest fire category covers the largest
area (31%), followed by moderate (20.7%), very high
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(a) Model performance and (b) model validation of the proposed LogitBoost, RF, SVM, and KLR models
(a) Model performance

(b) Model validation

Statistical index parameters

LogitBoost

RF

SVM

KLR

LogitBoost

RF

SVM

KLR

True positive (TP)
True negative (TN)

175
167

165
147

171
162

169
160

57
60

61
55

51
60

47
59

False positive (FP)

12

22

16

18

13

9

19

23

False negative (FN)
Positive predictive value (PPV) (%)

20
93.6

40
88.2

25
91.4

27
90.4

10
81.4

15
87.1

10
72.9

11
67.1

Negative predictive value (NPV) (%)
Sensitivity (%)

89.3
89.7

78.6
80.5

86.6
87.2

85.6
86.2

85.7
85.1

78.6
80.3

85.7
83.6

84.3
81.0

Specificity (%)

93.3

87.0

91.0

89.9

82.2

85.9

75.9

72.0

Overall accuracy (%) (ACC)
Kappa statistic

91.44
0.829

83.42
0.668

89.04
0.781

87.97
0.759

83.57
0.671

82.86
0.643

79.29
0.586

75.71
0.514

AUC

0.973

0.919

0.948

0.945

0.924

0.909

0.896

0.871

(18.5%), high (17.6%), and low (12.2%). Overlaying the land
use/land cover (LULC) map on the LogitBoost susceptibility
map reveals that very high category occurs mostly in agricultural regions and residential zones.

5.4 Sources of uncertainty and the possible
improvement opportunities
The estimation of areas susceptible to forest fires on a regional
scale is fraught with complications, mainly due to the complex
interactions of the many conditioning factors, the assemblage of
which is further complicated by variations in resolution, scale,
and nature, i.e., climate and weather conditions (temperature,
humidity, rainfall, wind); topography (slope, aspect, elevation);
and sociocultural (land use, distance from settlement).
Inaccuracies and inconsistencies of GIS data, such as spatial
errors caused by data that is out of date and data at different

scales and resolutions, introduce further complications. A number of researchers have used fuzzy reasoning to address these
issues. However, the level of subjectivity involved in establishing fuzzy membership values precludes results of a high degree
of accuracy. Therefore, the developing of new models and the
application of untested methods to predict forest fires and overcome current limitations are crucial. Our study has edged closer,
partially filling this gap in the literature, by testing an LEDT
model application in a forest fire susceptibility assessment.
In the susceptibility mapping of forest fires, both the selection of modeling techniques and variables impacts on the
evaluative quality. In forest fire modeling, conditioning factors differ in predictive capability and the potential exists for
interactions of conditioning factors that may cause noise, reducing the model’s predictive capability. Empirical development in disaster modeling has dictated the common practice of
removing conditioning factors without any predictive value.
Reliability is enhanced by only including those which indicate
positive predictive values. It was established through the documentation on previous studies that individual conditioning
factors (for example, slope angle) may vary in importance in
disaster susceptibility modeling. Values are site-specific and
dependent on the scale of analysis and method of selection. It
is essential that a correlation analysis precedes the probability
analysis if a user-defined set of variables is to be included. A
future study establishing the minimum dataset requirements
for forest fire susceptibility mapping reliability, given the constraints of limitations in data availability, processing time, and
budget, would constitute research with useful, practical value.

6 Concluding remarks
Fig. 4 ROC curve and AUC of the LogitBoost model, the RF model, the
SVM model, and the KLR model using the validation dataset

This research introduced and verified a new hybrid machine
learning approach (LEDT) integrating LogitBoost ensemble
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Fig. 5 Forest fire susceptibility map for the study area

and decision tree and applying it to forest fire susceptibility
mapping with a case study at Lao Cai Province at
Northwestern region of Vietnam. According to current literature, DEDT has not been explored for forest fire susceptibility
modeling. The GIS database, which was constructed with 257
fire locations and ten forest conditioning factors, was used to
train and validate the proposed model. To derive forest fire
susceptibility index, the LEDT was formulated as a pattern
recognition model that predicts the pixels of the study area
to the two classes, forest fire and non-forest fire.
Experimental outcomes show high performance of the proposed model, demonstrating that the LEDT is capable to predict forest fire susceptible areas with high accuracy, which
contribute to more trusty planning and management of prevention. The main advantage of the LEDT compared to other
machine learning techniques (i.e., ANN and SVM) is that the
configuration and training process is simple where no sophisticated optimization is required. However, the performance of
the LEDT model is influenced by the amount of the tree-based
classifiers used; therefore, a trial and error test is required.
Compared to benchmarks, RF, SVM, and KLR, the performance of the LEDT model was superior, due to fact that the

LEDT model focused on processing misclassified pixels in the
fire susceptibility modeling by increasing weights of these
misclassified pixels and decreasing weights of the correct classified pixels. Consequently, the model works better with
uncertainty data, which is a critical issue in forest fire
susceptibility mapping because the data are often from
different sources and at different resolutions. In addition, LogitBoost ensemble is capable to handling noise
data with due to the use of a diversity of the decision
tree-based classifiers; the LEDT model is more robust
and accurate than the benchmarks. These facts indicate
that the LEDT is a new valid tool for forest fire susceptibility mapping.
In final conclusion, this research may assist other scientists
in the development of susceptibility maps for other areas, as
well as provide an approach applicable to geo-environmental
issues other than forest fire assessments.
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