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ABSTRACT: 

According to the industrialization of cities and the apparent increase in pollutants and greenhouse gases, the importance of forests as 

the natural lungs of the earth is felt more than ever to clean these pollutants. Annually, a large part of the forests is destroyed due to 

the lack of timely action during the fire. Knowledge about areas with a high-risk of fire and equipping these areas by constructing 

access routes and allocating the fire-fighting equipment can help to eliminate the destruction of the forest. In this research, the fire risk 

of region was forecasted and the risk map of that was provided using MODIS images by applying geographically weighted regression 

model with Gaussian kernel and ordinary least squares over the effective parameters in forest fire including distance from residential 

areas, distance from the river, distance from the road, height, slope, aspect, soil type, land use, average temperature, wind speed, and 

rainfall. After the evaluation, it was found that the geographically weighted regression model with Gaussian kernel forecasted 93.4% 

of the all fire points properly, however the ordinary least squares method could forecast properly only 66% of the fire points. 

1. INTRODUCTION

Forest fire is a major problem for forests across the world. The 

existence of geographic information about the fire occurrence is 

a necessary matter to deal with the fire. Fire causes the spatial 

pattern of vegetation and the process of human life to change as 

well as it can change global ecosystem due to its direct relation 

with carbon cycle and atmosphere composition. 

To reduce the damages caused by forest fire including 

destruction of natural resources, environment and life of forest 

creatures, we should assess fire dangers. Due to the destructive 

nature of fire, the researches related to real fire occurrences are 

impractical. As an alternative, scholars use simulation models 

that are based on field studies to better understand the behavior 

and effects of fire occurrence.  

The policies related to fire-fighting can be divided into two 

groups: preventive and operational activities. Since prevention is 

always better than cure, we can prevent the fire and its ruinous 

consequences by forecasting the areas that have a high risk of 

fire and performing preventive activities like access restriction 

and resource allocation. Due to the limited forest resources in 

Iran, it is very important to conserve these resources in our 

country.  

So far, various models have been presented in the field of the fire 

in forest areas. In one of this researches, the risk map of fire 

occurrence was provided using geographic information system 

and remote sensing for part of the Spanish coasts (Chuvieco and 

Congalton, 1989). During last years, fire occurred only in 3.47% 

of low-dangerous regions from the perspective of this article. In 

2003, a new model was developed using artificial neural network 

to forecast the risk of fire occurrence in a region located at north-

western Spain. This study divided regions into four regions 

based on fire occurrence probability (Amparo and Oscar, 2003). 

In a research, the fire risk map of Paveh region in Kermanshah 

was provided by weighting different layers like vegetation, 

height, and slope using Analytic Hierarchy Process (AHP) 

(Mohammadi et al., 2010). Another model was developed to 

forecast fire occurrence in Boreal forests of northern china using 

the fire information between 1965 and 2009. In another research, 

the relationship between the human and natural factors of fire 

occurrence was studied based on the occurrence pattern 

(Xiaowei et al., 2014). In this model, the risk of fire occurrence 

was evaluated using meta-heuristic method of artificial neural 

network and statistical method of logistic regression .According 

to the results of this study, the artificial neural network method 

is significantly more accurate than the statistical method and 

logistic regression.  The accuracy of the statistical method is 

dependent upon the number of sampled points that the fire has 

been occurred (Jafari and Mohammadzadeh, 2016). In another 

study, a new model was developed to calculate the risk of fire 

occurrence in Espirito Santo region. This model was created 

statistically as well as for each effective parameter in the fire 

occurrence, a weight was considered based on the parameter 

effectiveness (Fernando Coelho et al., 2016).  

The aim of this study is to determine the risk of fire occurrence 

in the forest regions of Golestan province using the MODIS 

images by applying a geographically weighted regression with 

Gaussian kernel. Since this method takes into account the main  
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Figure 1.  The study area is Golestan province located in the northern part of Iran, the northern slopes of the Alborz mountain range and in south 

coastal plain of Mazandaran sea 

features of spatial data, i.e. spatial non-stationary and spatial 

autocorrelation, it is an appropriate method to model this 

problem. In this regard, the effective biophysical and human 

parameters in fire occurrence have been used in the process of 

modeling.  

 

2. MATERIAL AND METHODS 

 

2.1. The study region 

Since the largest number of forest fires during the year belong to 

Golestan Province, this province was chosen as the study region. 

Golestan forest is one of the most important forest regions of Iran 

that is located at eastern Golestan Province and west North-

Khorasan Province. This forest is among the tourist regions of 

Iran and several roads pass through it, therefore human factors 

play a crucial role in fire occurrence in this region.  

 The study region of this research (Figure 1) is located in the 

range of 36° - 38° North and 53° - 56° East and its area is 

about 20205 km2.  

2.2. Data 

Different satellite and field data including the following ones 

was used to model the risk of fire occurrence: 

Satellite data: includes the information of the fire occurrences, 

soil type, land use map and Digital Elevation Model (DEM) 

(Figure 2). Since 68% of fires have been occurred in June, July 

and August, the fires occurred in these three months were 

extracted and used in this article. 430 fire points between 2011 

and 2016 were extracted from MODIS images. Ground cover 

map was prepared by NOAA images with resolution of 1 km. 

The slope and aspect maps were created using the DEM of the 

region.  

Field data: include the information of meteorology, rivers 

(Figure 3), roads and residential regions (Figure 4) of study 

region. The meteorological information namely temperature, 

wind, and monthly rainfall were extracted for all training and 

testing points through interpolating the information of the 

existing synoptic stations in the region. The information related 

to residential regions, rivers, and roads was received from 

organization of Golestan Province Natural Resources and the 

layers of distance from residential regions, rivers, and roads were 

calculated using ArcGIS software. 

 

Figure 2. DEM of study area with spatial distribution of fire location 

 

Figure 3. Rivers data 

Height 
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Figure 4. Residential region data 

2.3. Geographically weighted regression 

Spatial data has specific features that two of them are spatial 

autocorrelation and spatial non-stationary. The first is based on 

Tyler law and represents the inverse relationship of 

dependencies with distance and the second represents the 

variation of spatial autocorrelation in space and heterogeneous 

environment. The ordinary least squares (OLS) method cannot 

be adapted with these two features because in this method, it is 

assumed that the data are completely independent from each 

other and the environment is homogenous. Hence, OLS provides 

a set of answers without taking into consideration the spatial 

dependencies of all points of region. For this reason, GWR 

method was presented by Brunsdon in 1998. In this method, the 

temporal dependencies of observations are considered as 

weighted matrices and due to heterogeneous environment and 

the existence of spatial non-stationary, regression coefficients 

are calculated locally and separately for each point. The general 

relationship of GWR is as follows (Brunsdon, 1988): 

𝑦 = 𝛽𝑜(𝑢, 𝑣) + ∑ 𝛽𝑗(𝑢, 𝑣)𝑋𝑗 + 𝜀
𝑝
𝑗=1                             (1)                                                                             

where 𝑦  is a dependent variable, 𝑋𝑗  is the 𝑗𝑡ℎ  independent 

variable, 𝑝  is the number of independent variables, 𝜀  is the 

remaining of model and 𝛽𝑗  is the regression coefficients that are 

a function of the position of observational points (𝑢, 𝑣).  The 

determination of geographical weights in GWR is very 

important. Hitherto, various kernels have been presented for this 

purpose. One of the kernels that has demonstrated high 

performance is Gaussian kernel that is represented in equation 

(2) (McMillen, 1988): 

𝑊𝑖𝑗 = 𝜑(
𝑑𝑖𝑗

𝜎ℎ
)                                                         (2)                                                                           

where 𝑊𝑖𝑗  is the geographical weight related to 𝑖𝑡ℎ observation 

in 𝑖𝑡ℎ point, 𝜑 is the standard normal distribution function, 𝑑𝑖𝑗  

is the Euclidean distance of the points 𝑖 and 𝑗, 𝜎 is the standard 

deviation of 𝑑𝑖𝑗  values for each point and ℎ is the parameter of 

bandwidth. 

The important step in the determination of geographical weights 

is to choose appropriate bandwidth. Because if this parameter is 

too large, the results of GWR tend to OLS and if it is too small 

the variance of results increase significantly (Charlton et al., 

2001) 

There are different methods to determine optimal bandwidth. 

One of those is cross validation method that its function is as 

follows (Brunsdon, 1988): 

∑ [𝑦𝑖 − 𝑦𝑖̌(ℎ)]2𝑛
𝑖=1                                                                      (3)    

 Where 𝜋  is the number of observations, 𝑦𝑖  is 𝑖𝑡ℎ  observation 

and 𝑦𝑖̌  is the estimated value of 𝑖𝑡ℎ  observation using other 

observations that itself is a function of bandwidth parameter and 

each bandwidth which minimizes this function is considered as 

optimal bandwidth.  

The output of GWR includes several parameters that among 

them, the determination coefficient of 𝑅2  is employed to 

measure the quality of model fitness (Charlton et al., 2001). This 

parameter is obtained using equation (4) (McMillen, 1988): 

𝑅2 = 1 − (
𝑆𝑆𝐸

𝑆𝑆𝑇
)                                                                            (4)                                    

𝑆𝑆𝐸 = ∑ [𝑦𝑖 − 𝑦𝑖̂]
2𝑛

𝑖=1                                                                 (5)                                        

𝑆𝑆𝑇 = ∑ [𝑦𝑖 − 𝑦̅]2𝑛
𝑖=1                                                                  (6)                               

Where 𝑛 is the number of observations, 𝑦𝑖 is 𝑖𝑡ℎ observation, 𝑦𝑖̂ 

is the estimated value of 𝑖𝑡ℎ observation and 𝑦̅ is the average of 

observations. 

In addition, the Root Mean Square Error (RMSE) and 

Normalized Root Mean Square Error (NRMSE) values of 

model’s residues which are obtained using following equations 

are used to measure the distribution of these residues.  

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦 − 𝑦̂)2𝑛

𝑖=1                                                             (7)                                    

Where 𝑛 is the number of data, 𝑦 is the real value of dependent 

variable and 𝑦̂ is the estimated value of dependent variable.                                        

 

3. RESULT AND  DISCUSSION 

 

The programming environment of MATLAB has been used to 

implement and model the problem. To model the risk of fire 

occurrence, the points are divided into two groups namely 

training and testing points. The training points are a combination 

of fire points (400 points) and non-fire points (325 points) in the 

period of 2011-2015. In addition, the fire points of 2016 (30 

points) were extracted to evaluate the model. The fire points 

have a value of 1 and the non-fire points have a value of zero.  

The factors (Table 1) used in this article were divided into three 

classes namely human, climate, and field factors. The factors 

were selected which have more important and available. 

According to the spatial positions of training and testing points, 

the related factors were linked to each of them. Then, the 

effective parameters in fire occurrence were normalized to 
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improve the model performance. The modeling was conducted 

once by OLS and again by GWR with Gaussian kernel. 

 Field Factors 
Human 

Factors 

Climate 

Factors 

1 Height (m) 
Distance from 

rivers (m) 

Average 

temperature 

2 Slope 
Distance from 

roads (m) 

Maximum 

wind speed 
(m/s) 

3 Aspect 

Distance from 

residential 
regions (m) 

Rainfall (mm) 

4 Soil Type   

5 Land use   

Table 1. Effective Factors 

In the process of modeling by OLS method, first, the coefficients 

of used factors in the model were extracted. The parameters’ 

coefficients show the effectiveness of that parameter in the fire 

occurrence. After calculating the coefficients, the risk of fire 

occurrence in these points related to 2016 were calculated having 

the factors related to the testing points. Then, the risk value of 

all points were interpolated using inverse distance weighting 

(IDW) interpolation method that is a distance-based weighted 

method. Finally, the risk map was provided using the 

interpolated values (Figure 5). The real fire points of 2016 were 

also placed on the map for visual evaluation of this method. The 

calculated parameters of this model are listed in Table 2. 

 

Figure 5. Fire risk map provided by OLS method 

 

Variable R2 RMSE 

Value 0.6642 0.2903 

Table 2. OLS parameters 

In GWR model, the general process is similar to that of OLS, 

however it is closer to the reality of problem by considering 

spatial non-stationary. In this model, we train the problem 

process to the model using Gaussian kernel and having the 

testing points. Then, we forecast the risk of fire occurrence for 

testing points by using coefficients and vicinities (Figure 6). The 

real fire points of 2016 were also placed on the map for visual 

evaluation of this method. 

 

Figure 6. Fire risk map provided by GWR method 

A set of parameters were calculated according to the features of 

model (Table 3). Bandwidth shows the used vicinities for 

forecasting in testing points. The value of 𝑅2 shows the fitness 

of function into reality. In fact, the more the closer this value to 

1, the more accurate the fitness implementation.  

Variable Bandwidth R2 RMSE 

Value 0.500 0.7941 0.2345 

Table 3. GWR parameters 

In GWR model, 28 points out of 30 fire points (in 2016) were in 

the range with fire-occurrence risk more than 70% (93.4% of all 

fire points) whereas in OLS model, only 20 points were in the 

range with fire-occurrence risk more than 70% (66% of all fire 

points). On the other hand, the resulted fitness of GWR method 

was more accurate than that of OLS method (𝑅2 is closer to 1 in 

GWR method); in addition, the error of GWR was less (less 

RMSE in GWR method). The function of outputs shows that 

GWR function is approached to reality acceptably and the fires 

were in high-risk forecasted range mostly.  

 

4. CONCLUSION 

Today, fire occurrence has become an important issue due to the 

destruction of the large parts of the earth’s forests. One of the 

solutions of this issue is prevention and timely reaction. 

Forecasting fire occurrence is very effective to perform 

preventive and timely actions. Therefore, the geographically 

weighted regression model was considered as main model. The 

advantage of this model compared to ordinary least squares 

method is to consider spatial data features. The obtained results 

from modeling Eleven effective parameters in fire occurrence 

with two methods, ordinary least squares and geographically 

weighted regression with Gaussian kernel, show this advantage. 

As mentioned, GWR method forecasted up to 93.4% of fire 

points in high-risk range whereas OLS method forecasted only 

66% of fire points in the high-risk range. It is suggested that 
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forecasting fire occurrence be done by using smart methods like 

neural network in future studies and its results be compared with 

regression-based methods to achieve the best forecast.  
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