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Abstract 

Forest areas are among the most important natural and ecological resources on 

the Earth and are considered as one of the main pillars of sustainable 

development in any country. Fires ruins almost 5500 hectares of Iran‘s forests 

yearly. In this research, firstly, the fire points were identified using the fire data 

of Forest Organization in combination with MODIS sensor data between 2012 

and 2017. Due to the fact that more than 75% of fires were happened in the hot 

season of the year (June, July, and August), the data of the three months was 

used for modeling. Then, the effective parameters in fire occurring were 

evaluated and the dependent parameters were removed. Accordingly, two 

methods, including multiple linear regression and multivariate adaptive 

regression spline were studied to predict the fire risk. Some important 

parameters including the root-mean-square error (RMSE), R
2
, the correct 

estimation percentage of fire and non-fire points, and error distribution were 

used to evaluate. After modeling, it was found that the multivariate adaptive 

regression spline has better performance—where its RMSE of test data was 

0.1628, its R
2
 of test data was 0.893, and its correct estimation percentage of test 

fire points and test non-fire points was near 94% and 88% respectively, as well 

as its error distribution was better than the other method. This actually shows 

that modeling with a local method is very better than modeling with a global 

method. Therefore, the risk map resulted by multivariate adaptive regression 

spline has better reliability compared to those of the other method. Finally, the 

high-risk areas were recognized using the risk map of this method. The traits of 

these areas were a short distance to residential areas and roads, having rich soil 

with organic materials, relatively high temperature, and low height. 
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Introduction 
In 2000, a convention was established in the United Nations to improve the 

quality of human life in which the principles of the Millennium Development 

Goals were adopted. One of these goals was to ensure the stability of the 

environment and natural resources. In the contemporary world, the value of 

forests is about 120 billion dollars and the livelihood of almost 9.1 people is 

dependent on forest (in)directly. 

According to the opinion of global experts including FAO, if the forest cover 

of a country is less than 25% of that country‘s area, that country is in critical 

condition in terms of the human environment. Almost 190000 hectares of 

Iranian forests have been ruined by fire in a 28-year period. Forest fire not only 

changes the natural ecosystem and ruins many plant and animal species of a 

region, but also makes other destructive effects like air pollution, respiratory 

problems, soil erosion, increased flowing surface waters, increased acidity of 

soil, decreased fertility, tourism industry losses, manufacturing industry and 

economy losses, and even climate change. 

Immediate and accurate detection of the fire location and the ability to 

determine the effective parameters on it, as well as the detection of the areas 

with high-risk of fire is among the main concerns of environmental protection 

and disaster management. We can prevent the fire by training people, making 

effective regulations and management policies, and increased monitoring to deal 

with fire triggers. Moreover, in the case of fire occurrence, we must take 

necessary actions like deploying fire-fighting equipment near hazardous areas 

and making easy access to these areas. In fact, nowadays, the increasing 

importance of protecting the forests and natural resources has led to change the 

focus from crisis management to risk management. 

Methodology 
The modeling was not possible without non-fire points. Accordingly, at the 

beginning, some points are randomly selected in the whole area with a certain 

distance from the fire points and are identified as non-fire points. To implement 

the methods in MATLAB programming environment, firstly, the parameters used 

in the modeling are extracted using the maps of these parameters for fire and non-

fire points. These parameters are used as inputs in each of these methods.   

Constantly, 70% of the selected data were used as the training data and 30% 

of them were used as the test data. Initially, the multivariate linear regression 

and then the multivariate adaptive regression spline were used for modeling. The 

steps of the research implementation are shown in Figure (1).  

After implementation of the modeling, the evaluation parameters of each 

method were provided to compare. Then, the risk map of the area was provided 

using trial points and Inverse Distance Weighting (IDW) and by employing 12 

lateral points for each method (Figures 2 and 3). The points with a high risk 
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were extracted from the resulted map. Then, the main traits of these points are 

considered as the traits of high-risk points. 

 

Fig. 1. The steps of the research implementation 

 

Fig. 2. Fire risk map provided using the MLR method on test data 
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Fig. 3. Fire risk map provided using the MARS method on test data 

Discussion and Results  

After removing the dependent parameters from the effective parameters on the 

fire, the optimal effective parameters are presented in Table (1). These 

parameters are divided into three groups including climate, ground physical, and 

human parameters.  

The modeling of fire risk was done by two methods. In the training and testing 

data section, the RMSE and R
2
 are presented in Table (2) for multivariate adaptive 

regression spline and multivariate linear regression methods, respectively. The 

results achieved by the training data section indicate that the training procedure is 

more accurate (R
2 

closer to 1) and with less error (less RMSE) in the multivariate 

adaptive regression spline than those achieved by the multivariate linear regression 

method. The appropriate amount of evaluation parameters for test data shows that 

the model does not experience over-fitting in these methods.  

Table 1. Effective parameters on fire occurrence in the case-study area 

Climate parameters 
Ground’s physical 

parameters 
Human parameters 

Average temperature 

(  
Soil type 

Distance from the residential 

areas (km) 

Rainfall (mm) Height (m) Distance from the road (km) 

Average wind speed 

(km/h) 

Distance from the river 

(km) 
 

 Steep direction  
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Table 2. Evaluation parameters of risk modeling methods 

 Data/parameter R
2
 RMSE 

The correct 

estimation 

percentage 

of nom-fire 

points 

The 

correct 

estimation 

percentage 

of fire 

points 

MLR 
Training data 0.6728 0.2846 

42% 74% 
Test data 0.5877 0.3180 

MARS 
Training data 0.8932 0.1628 

88% 94% 
Test data 0.8211 0.2078 

 

In the linear regression method, the two parameters of the correct estimation 

percentage of fire points and non-fire points have a low value, hence, the worst 

possible scenario has happened and the risk map has the least amount of 

reliability. In the multivariate adaptive regression spline, the fire and non-fire 

points are simultaneously estimated with a high accuracy. This makes the risk 

map provided by the multivariate adaptive regression method becomes to be 

more reliable.  

As seen in the results, the risk map provided by the multivariate adaptive 

regression spline method has a very higher reliability compared to the risk map 

provided by multivariate linear regression method. Hence, the risk map resulted 

by the first method was used to determine the features of the areas with a high 

risk of fire (Figure 4).  

Since the fire risk has a normal distribution, the areas which satisfy Equation 

(1) are among the 2.5% of the areas that have the most fire risk.  

2 R     (1) 

where  is the average,  is the standard deviation, and R is the fire risk. The 

main features of the mentioned areas can be used as the important tools for 

decision making. The extraction of high-risk areas is done in ArcGIS 

environment. Statistical analysis of effective parameters‘ features in these areas 

shows some key points. These features include low distance from the residential 

regions (less than 2 km), low distance from the road (less than 2 km), having 

mollisol, relatively high average temperature (more than , and low height 

(less than 50 m).  
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Fig. 4. High risk map provided using the MARS method on test data 

Conclusions 

This research attempted to identify the optimal method for modeling of fire 

points risk using climate, ground physical, and human parameters. Therefore, an 

accurate local method (MARS) was used along with a non-local method (MLR).  

In the test data and the training data sections, the MARS method had the 

lowest RMSE and a value closer to 1. The outputs showed that the MARS method 

had a more accurate performance in the estimation of the fire and non-fire points 

compared to the MLR method. This indicated the high reliability of the MARS 

method. After determining the optimal method for the modeling of the area‘s fire 

occurrence, the points of the area with high risk of fire were detected. After doing 

a statistical analysis it was found that these points have some fundamental features 

including low distance from the residential regions (less than 2 km), low distance 

from the road (less than 2 km), having mollisol, relatively high average 

temperature (more than  and low height (less than 50 m). 

Keywords: Forest Fire, Multiple Linear Regression, Multivariate Adaptive 
Regression Spline, Risk Map. 
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