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Abstract: Identifying the underlying factors derived from geospatial and remote sensing data that
contribute to forest fires is of paramount importance. It aids experts in pinpointing areas and periods
most susceptible to these incidents. In this study, we employ the geographically and temporally
weighted regression (GTWR) method in conjunction with a refined continuous invasive weed opti-
mization (CIWO) algorithm to assess certain spatially relevant drivers of forest fires, encompassing
both biophysical and anthropogenic influences. Our proposed approach demonstrates theoretical
utility in addressing the spatial regression problem by meticulously accounting for the autocorrelation
and non-stationarity inherent in spatial data. We leverage tricube and Gaussian kernels to weight the
GTWR for two distinct temporal datasets, yielding coefficients of determination (R2) amounting to
0.99 and 0.97, respectively. In contrast, traditional geographically weighted regression (GWR) using
the tricube kernel achieved R2 values of 0.87 and 0.88, while the Gaussian kernel yielded R2 values of
0.8138 and 0.82 for the same datasets. This investigation underscores the substantial impact of both
biophysical and anthropogenic factors on forest fires within the study areas.

Keywords: forest fires; geographically and temporally weighted regression; Golestan forest; modified
continuous invasive weed optimization algorithm; remote sensing

1. Introduction

Many ecosystems worldwide undergo natural disturbances triggered by fire [1].
Whether resulting from human activities or natural processes, forest fires are considered
a major factor contributing to the significant loss of forest ecosystems globally [2]. Forest
fires can affect the biodiversity, species composition, and ecosystem structure of forests [3].
Moreover, they also influence human lives, environmental health, and economies [4]. While
fires can have both short- and long-term beneficial and negative consequences, when an
ecosystem is already disturbed, there may be a higher chance of unfavorable and unpre-
dictable repercussions. These may include large pulse emissions of CO, and particulate
matter into the atmosphere, the loss of natural resources like forest cover, the extinction of
wildlife, and the possibility of massive socioeconomic consequences [1]. Recently, forest
fire occurrences have been increasing due to global warming, high rates of population
growth, and anthropogenic interference in forest areas [5] and, annually, about 10 million
hectares of worldwide forests are damaged by fire [6]. Forests cover about 1.2 million
hectares of land in northern Iran, and over 300 hectares of this is burned yearly [7]. Forest
management systems must be able to prevent, detect, and respond to forest fires and they
require recognition of the effective spatial driving factors [8].
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Numerous studies have investigated the detection of key spatial driving factors in
forest fires, categorizing them into two significant types: biological and biophysical, along-
side socioeconomic factors [9]. The biophysical factors have primarily been the intended
focus of fire disaster management [9,10]. However, it is worth noting that humans can also
ignite forest fires through actions such as arson, smoking and discarding cigarettes, sparks
from power lines, the use of explosives or fire during hunting, picnic fires, shepherds’
fires, and stubble burning [11]. Mukunga et al. [12] utilized datasets encompassing global
climate, vegetation, land cover, and socioeconomic factors such as cropland fraction, GDP,
road density, livestock density, and grazed lands. Their evaluation of ignition occurrences,
employing a random forest machine learning technique, led them to the conclusion that
incorporating human factors enhances the accuracy of predicting fire occurrences in most
regions of the world. Most forest fires in Europe are initiated by human activities, yet the
exact anthropogenic driving factors remain unidentified [13] because human-related factors,
such as land use, accessibility to forests, fuel management, legal restrictions, economic, and
cultural context can be complex [14,15]. Roman-Cuesta and Martinez-Vilalta [16] demon-
strated that in Mexico the maximum wind speed, the number of producers, and the degrees
thereof are the most critical factors in forest fire regimes. [17] concluded that there is a sig-
nificant relationship between forest fires, the road network, and farms in Chiapas, Mexico.
In southwestern China, Murthy et al. [18] identified forest fire policy as a crucial factor
influencing the occurrence of forest fires. Calcerrada et al. [19] explored a spatial pattern of
fire ignitions and frequency on the Southern California landscapes using human-related
and biophysical variables as well as a multiple logistic regression model for fire ignitions
and Poisson univariate and multiple regressions for fire frequency. According to their
results, biophysical variables mostly affected the fire frequency pattern and human-related
variables explained most of the variations in fire ignition. Erten et al. [20] used the weights
of evidence (WofE) model and concluded that the accessibility of forests to people is the
most effective factor in fire ignitions in Central Spain. By using the wildfire—urban interface
fire dynamics simulator (WFDS), Bufacchi et al. [21] determined the vegetation moisture,
surface area-to-volume ratio, and bulk density as the most critical factors in the rate of
fire spread. Zhang et al. [22] concluded that wildfires are most likely to occur in forests,
mountainous areas, savannas, and lands with high vegetation coverage and areas near
human-built infrastructure. Joseph et al. [23] used a spatiotemporal Bayesian statistical
model to show that the temperature and moisture of air can forecast significant wildfire
size probabilities and that housing density has a close relationship with fire frequency.
In a study conducted by Jafari and Pourghasemi in 2019 [24], a random forest model was
employed to identify the key driving factors for a regional-scale wildfire in the Zagros
Mountains of Iran. Their findings indicated that factors such as proximity to residential ar-
eas, precipitation, elevation, and proximity to roads were the most influential in predicting
forest fires. [6] found that the density of the roads and the length of the boundary between
a forest and residential areas were the most effective factors for predicting forest fires
among 28 identified factors. Milanovi¢ et al. [25] identified coniferous forests, proximity to
agricultural land, and the amount of leaf litter as the main factors affecting forests using
the gradient boosted machine algorithm.

Moreover, Avila-Flores et al. [26] and Koutsias et al. [27] concluded that the effective
driving factors for forest fires are spatially dependent and, in such cases, the results of
geographically weighted regression (GWR) are better than ordinary regressions. Ref. [28]
employed GWR and recognized land use, rainfall, and vegetation type as the most signifi-
cant factors affecting forest fires in Durango, Mexico. Sa et al. [29], using GWR, showed
that in sub-Saharan Africa, climate-driven variables are more effective for fires than human-
related variables. The effective driving factors derived from geospatial and remote sensing
data on forest fires are also time dependent, but in most of the research projects that used
GWR, they were overlooked. Traditional GWR only considers two dimensions of location
and it does not support any temporal variations in the problem. For accurately solving
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these problems with temporal variations, it is essential to consider time as a dimension.
Therefore, traditional GWR must be adapted with time.

The primary objective of this research is to identify the significant spatially related
driving factors of wildfires in the Golestan forest, located in Golestan Province, Iran. This
will be accomplished using geographically and temporally weighted regression (GTWR) in
conjunction with a modified continuous invasive weed optimization (CIWO) algorithm.
Fires occur in the Golestan forest every year and most of them are set by humans. Hence,
both anthropogenic and biophysical variables have been used in this study and we hy-
pothesize that human-related variables are the major effective factors for fires in the case
study. Any combination of the explanatory variables leads to a different answer. Hence, a
modified CIWO algorithm has been proposed to find the best combination of factors.

2. Materials and Methods
2.1. Study Area

The Golestan forest is one of the most important forests in Iran and is situated in the
north of the country. With an average elevation of 1378 m, the Golestan forest is primarily
a transitional mountainous region situated between the western Khorasan-Kopet Dagh
Mountains and the eastern Alborz Mountains [30]. This forest is among the principal
tourist regions in Iran, with numerous roads passing through it. According to statistical
records, most registered fires have occurred in the vicinity of these roads, and humans have
been implicated in most of them [31]. The Golestan forest encompasses seven general cate-
gories of vegetation types, including closed forests, steppes, halophytic communities, fern
communities, hygrophilous and aquatic communities, open woodlands and scrubs, and
mountain meadows [31]. It experiences three different climate types, classified according
to Emberger’s system as cold-arid, temperate semi-arid, and temperate sub-humid [32].
The study area is located at 37°20'-37°47" N and 55°87'-56°12" E (Figure 1) in the cold-arid
region. The area covers approximately 681.553 km?, chosen due to the frequent occurrence
of fires in the Golestan forest over the past few years.

2.2. Datasets

Two large fires occurred in the study area on 17 November 2010 and 15 July 2011,
covering areas of 870 and 57 hectares, respectively (Figure 1), and are used as the dependent
variables of the current study. The actual burned area, road network, rivers, soil types,
land uses, and residential zones in the study area were acquired from Department of
Natural Resources of Golestan, North Khorasan and Semnan Provinces (https:/ /frw.ir/,
accessed on 16 January 2016) and are shown in Figure 2. Also, the geographic coordinates
of the synoptic weather stations close to the area (Figure 3) and their data, including the
maximum, minimum, and mean temperature, the total rainfall, as well as the maximum
wind speed and the azimuth in November 2010 and July 2011 were provided from the
Meteorological Organization of Iran (https:/ /www.irimo.ir/, accessed on 25 January 2016).
For a generalization of these data to the whole area, the ordinary Kriging method [33]
with the exponential semivariogram model was used [34] with a resolution of 30 m
(Figures 4 and 5). This model was used because the values of mean bias error, mean
absolute error, and global standard deviation for these datasets were, respectively, 0.35,
8.36, and 11.50% of the other variogram models.

The land use and soil type information layers were on a scale of 1:100,000 and the
road network and rivers information layers were on a scale of 1:5000; all of which were
acquired in 2006. We used the ASTER 30 m GDEM to generate the slope and aspect layers
(Figure 6). The road network, the rivers, and the residential zones information layers were
in the vector format. Hence, the Euclidean distance analysis was used to generate raster
layers with a resolution of 30 m so that each cell of these layers shows the distance from the
nearest road, river, and residential zone (Figure 7).
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Before executing the algorithm, the correlation among the spatial factor layers was
analyzed using Equations (1) and (2):

Cou(X,Y) — i1 (Xi —f)(Yi—Y), 1)
_ Cov(X,Y)

@)

Ux0y
where 1 is the number of observations, X and Y are two datasets with covariance Cov(X,Y),
X and Y are the mean values, oy and oy are standard deviations, and 7 is the correlation
coefficient. All values of the correlation coefficients are in the range [—0.7, 0.7]; hence, there
is no significant correlation among the data. Accordingly, all of them were used in the
GTWR algorithm. Figures 8 and 9 present the correlation matrix among the datasets that is
used in this study.
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Figure 1. The study area.
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Figure 2. Used data layers in this research (a) DEM, (b) the road network, (c) the rivers, (d) the
residential zones, (e) the soil types, and (f) land use.
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azimuth, and (f) total rainfall (mm) on 17 November 2010.
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azimuth, and (f) total rainfall (mm) on 15 July 2011.
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2.3. Geographically Weighted Regression (GWR)

The spatial data have exceptional specifications that make working with them difficult.
Two significant properties of spatial data are (a) autocorrelation or spatial dependency
based on Tobler’s law, which is “Everything is related to everything else, but near things
are more related than distant things” and (b) spatial heterogeneity or non-stationarity
means the spatial autocorrelation is variable in space. The ordinary least squares (OLS)
method cannot handle these properties and presumes that the data are independent and
homogeneous. Thus, it computes only one set of answers that may be wrong. Accordingly,
the GWR method was introduced by [35] to handle these problems. This method allows the
data to be dependent on location and non-stationary, also it obtains regression coefficients
locally for each position and extracts variable relationships in space. The general formula
of GWR is seen below [36]:

p
y=PBo(u,0)+ Y Bj(u,0)X; +e, 3)
=1

where y is a dependent variable, X; is the jM explanatory variable, p is the number of
explanatory variables, ¢ is the residual of the model, and B is the coefficient of regression
that is a function of position (u,v).

GWR is a weighted least squares method against OLS. The coefficients of regression
are obtained by Equation (4) [36]:

B(u,v) = (XTW(u, ZJ)X) 71XTW(u,v)y, (4)

where W is the weight matrix that is dependent on position (u,v), and it is a diagonal
matrix containing geographical weights as follows [36]:

Wy i(u,v) 0 0
0 0 / (&)
0 0 Wn,i(ur ’0)

where i is the ID of observation and # is the number of observations.
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The most significant part of the GWR method is the definition of geographical weights
and several kernels have been proposed to compute these weights, two of which that
have proven high performance being the Tricube and the Gaussian kernels shown below,
respectively [37]:

3
i\ 3
_ (% <
Wij = (1 (h)>’d’]_h, (6)
0 ,di]'>h
Wip=el| 5 | 7)

where W; is the geographical weight of the jM observation in the i position, djj is the
Euclidean distance between these two points shown in Equation (8), & is the bandwidth
parameter, @ is the standard normal distribution function and ¢ is the standard deviation
of d;; values for each point.

dij = \/(u,- —u)? + (v — v))? 6)

The distance is often Euclidean, but other types of distance can also be used. Selecting
proper bandwidth is vital, because if it is too large, results will tend toward OLS results,
and if the bandwidth is too small, the variance of the results will grow strongly [36].

There are several methods for optimizing the bandwidth parameter, and one of them
is cross-validation as follows [35]:

n

CVSS = )::1 (yi - @i)Z, )

. . AL .
where 7 is the number of observations, y; is the i observation, and y; is the predicted
observation in the i" point using only the other point observations. The bandwidth

parameter / relates to CVSS through 91-, and each bandwidth that minimizes the CVSS is
the optimal bandwidth [35].

GWR outputs include some parameters for evaluating the model. The most important
one is the coefficient of determination, R?, known as a measure of goodness of fit [33]. It is
in the range [0, 1] and higher values are preferable for it. R? is obtained by Equation (10)

as follows [34]:
SSE

2 _q1_“YE
R*=1 55,7 (10)
SSe =Y (i — i) (11)
i=1
SSr=Y (vi—9)% (12)

i=1

where 7 is the number of observations, y; is the i observation, }/)l- is the i predicted
observation, and ¥ is the mean of the observations.

As mentioned in Section 1, GWR can handle local variations and spatial non-stationarity.
A statistic that can be used to determinate the size of the variations in regression coefficients
in the study area is the standard deviation of regression coefficients computed through
Equation (13) [35]:

vj = \/Z(:Bij —B;)?/m, (13)

where B;; is the regression coefficient of the ji factor in the i observation, B, is the

mean of regression coefficients of the ji" factor in all observations, and # is the number
of observations.
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The two other statistics used to evaluate the distribution of residuals are the root mean
squares error (RMSE) and the normalized RMSE(NRMSE) as shown below:

1
RMSE = [~} (yi = 9:)%, (14)

NRMSE = RMSE/c;, (15)

where 7 is the number of observations, y; is the i" observation, ¥; is the i" estimated
observation, and oy is the standard deviation of the estimated observations.

2.4. Geographically and Temporally Weighted Regression (GTWR)

In cases involving the inclusion of time, it is imperative to account for temporal
variations in addition to local ones. As discussed in Section 1, traditional GWR faces
limitations in handling time. Consequently, GWR was adapted into a temporal version,
referred to as GTWR. In this context, it is adequate to introduce time to the conventional
equations as an additional dimension. As a result, Equations (3)—(5) undergo changes
as follows [38]:

4
y=Bo(u,v,t)+ Z ,B]-(u,v,t)X]- +¢, (16)
j=1
B(u,v,t) = (XTW(u, 0, t)X) _1XTW(u,v,t)y, (17)
Wy(u,v,t) 0O 0
0 0 : (18)
0 0 Wy(u,o,t)

The other equations will be the as same as the traditional ones with a change in the
definition of distance. The distance in GWR is a spatial distance in two dimensions that
is achieved by Equation (8) but the distance in GTWR is a spatiotemporal distance that is
defined by [38] as follows:

dij = \/)‘[(”i - ”j)z + (vi — Uj)z] +p (i~ tj)zr (19)

where A and y are scale factors to balance the various effects that occurred due to measuring
the spatial and temporal distances in their respective metric systems. This distance is used
in Equations (6) and (7) to compute the geographical weights. Algorithm 1 shows the
pseudo-code of the proposed GTWR method used in this study.

Algorithm 1 The proposed GTWR pseudo-code for this study

Select the optimal bandwidth parameter using Cross Validation.

Calculate the spatiotemporal distance among all pairs of the points.

Calculate the geographic weights using Tricube kernel.

Calculate the coefficients of regression

Calculate the Coefficient of Determination.

return the coefficients of regression; the Coefficient of Determination; the
residuals; the estimated values of observations; the used kernel type; the optimal bandwidth;
the t-statistics matrix; the iteration of Cross Validation; the estimated standard deviation of
residuals; the input parameters of the GTWR method.

2.5. Selection of the Optimum Spatial Factors

It is necessary to choose a set of spatial factors that will optimize the performance
of GWR/GTWR. To achieve this, this study introduces a modified version of continuous
invasive weed optimization (CIWO) for the purpose of selecting the most suitable subset
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of spatial factors. A position vector of a weed k, 4;, as an individual, was initialized with
uniformly random values 4; € (0,1) for i =1 to d, where d is the number of spatial factors.
For a weed, those factors with a; > oy, would be selected for calculating the weed’s fitness
function where oy, is a predefined threshold. The fitness function of the kth weed, fx, in the
present research is 1-R? (Equation (10)), which must be minimized. The number of seeds
that a weed k can produce in every iteration is calculated as follows:

Ny = \‘(fk fw) X (Nmax - Nmin) + NminJ ’ (20)
f b— f w

where f}, and f, are the best and the worst weed fitness values from the first to the present

iteration, N,;;, and Ny, are the predefined minimum and maximum number of seeds

that a week could produce during evolution. The closeness of a seed to its parent weed is

determined by:

itmax — it\"

Cit = <mﬂx) (Ci - Cf) +cf civep € (0,150 > ¢cf (21)
max

where ityqy is the maximum number of iterations, and m is the modulation index, ¢; and ¢f

are the predefined initial and final closeness value from the parent weed at the first and the

last iteration, respectively. The new position vector of weed k is achieved by:

1= [me(D) 1e(2) - ()] V) € {12, d}, () ~ N(O,1), (22)

a(t) = ap (t — 1) +cipry, it € {2, itmax }- (23)

In each iteration of the proposed modified CIWO, the weeds with the lower fitness
produce seeds, but the others are removed until the maximum predefined weed population
(Pmax) in each iteration is reached. Accordingly, Algorithm 2 shows the pseudo-code of the
proposed modified CIWO.

Algorithm 2 The pseudo-code of the proposed algorithm for selecting spatial factors with the
most effects on forest fires

Create a d-dimenonal weed position vector P times (P < Pyy) with a uniformly random values
«; € (0,1)
fori =1 to d, where d is the number of spatial factors do
for each iteration (it =1 to it;;;y) do
Calculate c;; based on Equation (21);
end for
for each weed (k =1to P) do
Calculate the fiuess, i.e., the 1-R2, based on Equation (10) for o; where ;> oy,;
end for
while it <= ity do
for each weed k do
Calculate the number of seeds [Equation (20)];
Randomly disperse the generated seeds over the search-space Equations (21)—(23);
Add the generated seeds at the end of the population;
Calculate the fitess of the generated seeds, i.e., the 1-R?, based on Equation (10) for «; where
&> Otp;
end for
if P > Py, then
Sort the population in deseending order of their 1-R%;
Eliminate population of weeds with higher 1-R? till P = Py;
end if
end while
return the selected spatial factors («; where «; > oy;,) for the weed with the best fitness;
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3. Results

In the current study, we examined the influence of 14 distinct factors on forest fires
in the study area. These factors encompass variables such as proximity to rivers, distance
from roads, proximity to residential zones, soil type, land use, elevation, slope, aspect,
maximum temperature, minimum temperature, mean temperature, maximum wind az-
imuth, maximum wind speed, and total rainfall. As mentioned before, we considered both
biophysical and human factors to obtain better results. The observations were imported in
binary format (1 for fire and 0 for non-fire). Spatial distances were measured in meters, and
temporal intervals were measured in days.

The kernels of Equations (6) and (7) were used in both the GWR and GTWR algorithms,
and the bandwidth parameter was optimized using Equation (9). The properties of the
proposed modified CIWO are shown in Table 1.

Table 1. The modified CIWO-based spatial factor selection parameter values.

Symbol Quantity Value
p Number of initial populations 5
Piiax Maximum number of plant populations 20
itmax Maximum number of iterations 100
Noiax Maximum number of seeds 3
Nuin Minimum number of seeds 0

¢ Initial standard deviation value from a parent weed 0.7

cr Final standard deviation value from a parent weed 0.3

m Non-linear modulation indexes 3

Ot Threshold for selecting factors from a weed 0.5

After applying the GTWR algorithm with tricube and Gaussian kernels, we obtained
R? values of 0.9985 and 0.9740, respectively. In the first case, six factors, including distance
from rivers, soil type, maximum temperature, maximum wind azimuth, maximum wind
speed, and total rainfall, were identified as effective factors. In the second case, all factors
except soil type were found to be significant. Moreover, the GWR algorithm using the
tricube kernel resulted in an R? equal to 0.8731 and 0.8888 for the fires that occurred on
17 November 2010 and 15 July 2011, respectively. In the first case, eight factors including
distance from residential zones, soil type, land use, elevation, slope, aspect, minimum
temperature, and maximum wind azimuth, and in the second case, seven factors, including
distance from residential zones, soil type, elevation, slope, aspect, minimum temperature,
and maximum temperature, were recognized as the most effective factors. In addition, the
GWR algorithm using the Gaussian kernel resulted in an R? equal to 0.8138 and 0.8203
for the fires that occurred on 17 November 2010 and 15 July 2011, respectively. In the first
case, eight factors, including distance from rivers, distance from roads, land use, aspect,
minimum temperature, mean temperature, maximum wind speed, and total rainfall, and in
the second case, seven factors, including distance from residential zones, land use, elevation,
maximum temperature, minimum temperature, mean temperature, and maximum wind
azimuth, were recognized as the most effective factors. Figures 10-15 display the outcomes
of the modified CIWO algorithm, presenting both the best and mean fitness values, the
last best individuals, the average distance between individuals, and the fitness of each
individual in the last iteration, with corresponding properties detailed in Table 1.
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Figure 10. (a) The best and the mean values of fitness, (b) the last best individuals, (c) the average
distance between individuals, (d) the fitness of each individual in the last iteration using the GWR
method with the tricube kernel and the modified CIWO for 17 November 2010 data.
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Figure 11. (a) The best and the mean values of fitness, (b) the last best individuals, (c) the average
distance between individuals, (d) the fitness of each individual in the last iteration using the GWR
method with the Gaussian kernel and the modified CIWO for 17 November 2010 data.
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Figure 12. (a) The best and the mean values of fitness, (b) the last best individuals, (c) the average
distance between individuals, (d) the fitness of each individual in the last iteration using the GWR
method with the tricube kernel and the modified CIWO for 15 July 2011 data.
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Figure 13. (a) The best and the mean values of fitness, (b) the last best individuals, (c) the average
distance between individuals, (d) the fitness of each individual in the last iteration using the GWR
method with the Gaussian kernel and the modified CIWO for 15 July 2011 data.
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Figure 14. (a) The best and the mean values of fitness, (b) the last best individuals, (c) the average
distance between individuals, (d) the fitness of each individual in the last iteration using he GTWR
method with the tricube kernel and the modified CIWO.
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Figure 15. (a) The best and the mean values of fitness, (b) the last best individuals, (c) the average
distance between individuals, (d) the fitness of each individual in the last iteration using the GTWR
method with the Gaussian kernel and the modified CIWO.

The standard deviation of regression coefficients was computed, and the results are
shown in Tables 2—4. The number 0 is related to the constant coefficient of regression and
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the dash marks are related to the regression coefficients of ineffective factors, and were
obtained as presented in Tables 5-7.

Table 2. The standard deviation of regression coefficients for the important spatial factors using GWR
and the modified CIWO method (see Algorithm 2) for 17 November 2010 data.

Factor Standard Deviation with Tricube Kernel Standard Deviation with Gaussian Kernel
Constant coefficient 5.057858 1.733206
Distance from rivers (m) - 0.000086
Distance from roads (m) - 0.000114
Distance from residential zones (m) 0.005284 -

Soil type 2.895782 -

Land use 6.814788 0.056198
Elevation (m) 0.011047 -

Slope 0.024342 -

Aspect 0.007365 0.000169
Maximum temperature (°C) - -
Minimum temperature (°C) 8.9964 6.28476
Mean temperature (°C) - 5.10398
Maximum wind azimuth 1.720777 -
Maximum wind speed (m/s) - 0.746954
Total rainfall (mm) - 8.72719

Table 3. The standard deviation of regression coefficients for the important spatial factors using GWR
and the modified CIWO method (see Algorithm 2) for 15 July 2011 data.

Factor Standard Deviation with Tricube Kernel Standard Deviation with Gaussian Kernel

Constant coefficient 0.185946 0.091358
Distance from rivers (m) - -
Distance from roads (m) - -
Distance from residential zones (m) 0.00117 0.000557

Soil type 2.45784 -

Land use - 0.027503
Elevation (m) 0.004852 0.000995
Slope 0.002745 -

Aspect 0.000454 -
Maximum temperature (°C) - 1.663826
Minimum temperature (°C) 3.87414 4.244687
Mean temperature (°C) - 2.741073
Maximum wind azimuth - 0.52631
Maximum wind speed (m/s) 5.57909 -

Total rainfall (mm) - -

Table 4. The standard deviation of regression coefficients for the important spatial factors using
GTWR and the modified CIWO method (see Algorithm 2).

Factor Standard Deviation with Tricube Kernel Standard Deviation with Gaussian Kernel
Constant coefficient 0.0795 14.23006
Distance from rivers (m) 0.0004 0.001235
Distance from roads (m) - 0.000958
Distance from residential zones (m) - 0.000427
Soil type 0.2173 -

Land use - 5.909925
Elevation (m) - 0.001698
Slope - 0.053385
Aspect - 0.000395
Maximum temperature (°C) 0.6545 3.305766
Minimum temperature (°C) - 2.640458
Mean temperature (°C) - 5.265534
Maximum wind azimuth 0.1471 0.063351
Maximum wind speed (m/s) 0.9536 3.130694

Total rainfall (mm) 0.1256 0.116119
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Table 5. RMSE and NRMSE of the residuals of the model using GWR and the modified CIWO method
for 17 November 2010 data.

Kernel RMSE NRMSE
Tricube 0.020937 0.048433
Gaussian 0.095936 0.229325

Table 6. RMSE and NRMSE of the residuals of the model using GWR and the modified CIWO method
for 15 July 2011 data.

Kernel RMSE NRMSE
Tricube 0.020062 0.042741
Gaussian 0.039408 0.099447

Table 7. RMSE and NRMSE of the residuals of the model using GTWR and the modified
CIWO method.

Kernel RMSE NRMSE
Tricube 0.014545 0.039068
Gaussian 0.060122 0.165425

As depicted in Tables 5-7, the GTWR method with the tricube kernel demonstrated
superior performance compared to the other methods. Given this superior performance,
the estimated observations (i) derived from the GTWR method with the tricube kernel
were selected. Subsequently, the estimated fire observations for the entire study area were
obtained using ordinary kriging interpolation with a resolution of 30 m and an exponential
variogram. This decision was based on the mean bias error, mean absolute error, and global
standard deviation values for this dataset, which accounted for 0.001, 10.41, and 16.20%
of the values observed with other variogram models, respectively. The resulting outputs
are presented in Figure 16. To assess the model’s performance, classification confusion
matrices and evaluation metrics are computed, as shown in Tables 8-10.

(a) (b)
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Figure 16. The predicted class of cells in the study area using the GTWR method with the tricube
kernel and the modified CIWO method for (a) 17 November 2010 and (b) 15 July 2011.
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Table 8. The confusion matrix using GTWR with the tricube kernel and the modified CIWO method
for 17 November 2010.

Predicted Fire Cells Predicted Non-Fire Cells
Observed fire cells 9322 347
Observed non-fire cells 3951 729,536

Table 9. The confusion matrix using GTWR with the tricube kernel and the modified CIWO method
for 15 July 2011.

Predicted Fire Cells Predicted Non-Fire Cells
Observed fire cells 647 0
Observed non-fire cells 2787 739,722

Table 10. The evaluation measures of the model.

17 November 2010 15 July 2011
Error Rate (%) 0.58 0.38
Accuracy (%) 99.42 99.62
Sensitivity (%) 96.41 100
Specificity (%) 99.62 99.46

4. Discussion

According to Figures 12a and 14a, displaying the best fitness function values obtained
using the GWR method with the tricube kernel for 17 November 2010, and 15 July 2011,
the data are 0.127 and 0.111, with mean values of 0.127 and 0.112, respectively. Similarly,
Figures 13a and 15a illustrate the best fitness function values achieved using the GWR
method with the Gaussian kernel for 17 November 2010, and 15 July 2011, as 0.186 and
0.179, with mean values of 0.187 and 0.179, respectively. Lastly, Figures 14a and 15a show
the best fitness function values using the GTWR method with the tricube and Gaussian
kernels as 0.001 and 0.026, with mean values of 0.001 and 0.026, respectively. In all cases,
the fluctuations in the fitness function are minimal, and in some instances, convergence
occurs rapidly (refer to Figure 10b). The average distance between individuals, displayed
in Figures 10c, 11c, 12¢, 13¢, 14c and 15c, decreases, albeit with some fluctuations. Generally,
the GTWR algorithm with the tricube kernel achieves superior fitness function values
compared to both the GWR algorithm and GTWR with the Gaussian kernel.

The factors identified as effective drivers of forest fires in this case study area through
geographically weighted regression (GWR) using the tricube kernel include six biophysical
and two human factors for 17 November 2010 data. Additionally, for 15 July 2011 data, the
tricube kernel identifies six biophysical and one human factor. Furthermore, the factors
identified as effective drivers of forest fires in our study area by GWR using the Gaussian
kernel comprise six biophysical and two human factors for 17 November 2010 data. For
15 July 2011 data, the Gaussian kernel highlights five biophysical and two human factors.

Finally, the factors that are identified by GTWR as the effective factors for forest fire
drivers in our study area include only six biophysical factors using the tricube kernel and
ten biophysical and three human factors using the Gaussian kernel. According to the
forest fire statistics in recent years, most of the fires that occurred in the Golestan province
were near roads and residential zones and, in our study, both of these are recognized as
significant factors in some cases. Also, some biophysical factors are identified as important
factors. Hence, both of these factors affect forest fires in our study area and fire management
strategies should consider them simultaneously.

The estimated fires depicted in Figure 16 closely resemble the actual fires, and the
model exhibits high accuracy, sensitivity, and specificity, as evidenced by the data presented
in Table 10. Additionally, our study area displays considerable non-stationarity, with
the constant coefficient of regression exhibiting the maximum standard deviation, as
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indicated in Tables 2—4. Moreover, the residuals, as demonstrated in Tables 5-7, consistently
approach zero. It is noteworthy that in all instances, GTWR employing the tricube kernel
outperformed both GWR and GTWR utilizing the Gaussian kernel.

5. Conclusions

Determining the effective factors for forest fire drivers, derived from geospatial and
remote sensing data, is so important because many forest areas around the world are
destroyed every year by fire. Many of the driving factors of forest fires can be pre-
vented by law enforcement, efficient forest management policies, and more supervision.
In the current study, we tried identifying the factors affecting forest fires using the GTWR
method integrated by the modified CIWO algorithm. The tricube and the Gaussian kernels
were used for weighting GTWR, which resulted in R? = 0.9985 and R? = 0.9740, respec-
tively. However, the traditional GWR using the tricube kernel resulted in R? = 0.8731 and
R? = 0.8888, and the Gaussian kernel resulted in R? = 0.8138 and R? = 0.8203 for two sets of
data, separately. This study demonstrates that both biophysical and anthropogenic factors
exert significant effects on forest fires. The inclusion of time in the geographically and
temporally weighted regression (GTWR) method, compared to the traditional GWR, yields
improved results. Consequently, forest management systems can leverage this proposed
technique with more forest fire data to derive more operational insights in the study area.

For future research endeavors, the number of driving factors, particularly human-
related ones, can be expanded. This includes considerations of educational, cultural, and
economic levels, tourist numbers, regulations, and forest management strategies. However,
collecting such data poses a challenge. Additionally, there are other crucial factors, like
vegetation type, fuel characteristics, moisture, and the duration of sunny hours, which we
lacked comprehensive datasets for in this study. The incorporation of these factors could
enhance the analysis. Our technique has the potential for improvement by incorporating
more field and remotely sensed data on forest fires. Furthermore, it can be extended to
predict fire dynamics and development in forests, contributing to a faster and more effective
emergency evacuation response.
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