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Abstract

:

Wildfires are one of the most common natural hazards worldwide. Here, we compared the capability of bivariate and multivariate models for the prediction of spatially explicit wildfire probability across a fire-prone landscape in the Zagros ecoregion, Iran. Dempster–Shafer-based evidential belief function (EBF) and the multivariate logistic regression (LR) were applied to a spatial dataset that represents 132 fire events from the period of 2007–2014 and twelve explanatory variables (altitude, aspect, slope degree, topographic wetness index (TWI), annual temperature, and rainfall, wind effect, land use, normalized difference vegetation index (NDVI), and distance to roads, rivers, and residential areas). While the EBF model successfully characterized each variable class by four probability mass functions in terms of wildfire probabilities, the LR model identified the variables that have a major impact on the probability of fire occurrence. Two distribution maps of wildfire probability were developed based upon the results of each model. In an ensemble modeling perspective, we combined the two probability maps. The results were verified and compared by the receiver operating characteristic (ROC) and the Wilcoxon Signed-Rank Test. The results showed that although an improved predictive accuracy (AUC = 0.864) can be achieved via an ensemble modeling of bivariate and multivariate statistics, the models fail to individually provide a satisfactory prediction of wildfire probability (EBFAUC = 0.701; LRAUC = 0.728). From these results, we recommend the employment of ensemble modeling approaches for different wildfire-prone landscapes.
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1. Introduction


Wildland fires are complex phenomena with a large number of uncertain and highly unpredictable driving factors that still remain undiscovered [1,2]. In recent years, a surge in the loss of lives, property, and biodiversity caused by wildfires occurred worldwide [3,4]. Some estimations indicate that the future climate change and its effects on rainfall patterns and drought occurrences will further exacerbate wildfires in many parts of the world [5,6], which, in turn, places strong demands on the managers to adopt wildfire risk mitigation strategies in the face of future climate change. In an effort to mitigate the effects of the wildfires, managers delineate fire-prone landscapes for allocating suppression resources and firefighting efforts [7], often based on the fire management systems [8]. Various fire management and prevention systems have been suggested and developed in different countries such as USA, Canada, Spain, Portugal, and Australia [9,10] that have originated from attempts to satisfy a growing demand for fire prevention in the fire-prone landscapes [7]. These systems are usually based on a predictive model which aims at providing near-time wildfire predictions up to 10–15 years into the future [7,11].



Given the investment of resources and time required to suppress wildfires, efficient and adaptable techniques are needed to rapidly estimate the likelihood of fire occurrence. The first extensive works on predicting wildfire probability date back to Chuvieco and Congalton [12] in Spain and De Vliegher [13] in Greece, which were significantly elaborated by recent works [14,15,16], demonstrating that the future wildfires tend to occur under similar local conditions that caused them in the past.



Wildfire predictive modeling is typically performed in the following five steps [2,7,11,14,15,16]: (1) Detecting and documenting historical fire events; (2) identifying a set of wildfire influencing factors; (3) seeking the potential relationships between the influencing factors and the historical fires; (4) elaborating a spatially explicit distribution map of wildfire probability; and (5) assessing the reliability of the probability map and its utility for predicting the location of future fires. Over the past decades, researchers mostly focused on step three of this methodology and evaluated various models in an explicitly spatial way to fully explore the pattern of wildfire occurrences in response to different geo-environmental factors [2,7,14,15,16]. Apart from the machine learning techniques that have emerged in recent years [14,15], bivariate and multivariate methods have always been the most commonly used modeling approaches [7,17,18]. While the machine learning techniques (e.g., artificial neural networks, neuro-fuzzy, support vector machines, and decision trees) often enable the modelers/managers to achieve a high level of predictive accuracy, their application requires a profound knowledge of programming to adequately tune several hyper-parameters that control the model performance [16]. On the other hand, the bivariate (e.g., frequency ratio, weight of evidence, evidential belief function, statistical index, and certainty factor) and multivariate (e.g., linear and logistic regressions) methods can easily be performed within an Excel spreadsheet and the other user-friendly interfaces and represent a straightforward analytic framework [7,17,18,19,20]. These methods have been numerically formulated to be easily used in different environmental settings and adapted to include updated datasets with low complexity and computation costs. Based on the spatial relationships between input data, these models predict the probability of occurrence (positive) or non-occurrence (negative) of a fire with probability P(+) = 1 − P(−) [7,11,14].



However, these models operate on different mathematical concepts (bivariate vs. multivariate) that do not necessarily lead to the same performance in different environmental settings. For example, Pourtaghi et al. [18] mapped forest fire susceptibility using the frequency ratio model and achieved a predictive accuracy of 79.85%. Pourghasemi [17] used the evidential belief function and regression logistic for mapping forest fire probability and reported predictive accuracies of 74.30 and 81.93%, respectively. Jaafari et al. [7] and Hong et al. [19] employed the weight of evidence model and demonstrated the capability of this model with predictive accuracies of 80.39% and 82.02%, respectively. Nami et al. [20] used the evidential belief function and successfully mapped the wildfire probability with a predictive accuracy of 81.03%. Most recently, Hong et al. [21] compared the weight of evidence and regression logistic and reported predictive accuracies of 85.4 and 79.1%, respectively. These reviews of the literature clearly indicate that there is no single best model that can be effectively used in all fire-prone landscapes.



Additionally, however, some researchers combined bivariate and multivariate methods toward a more accurate predictive model and often achieved a significantly improved overall predictive accuracy compared to the single models, as an integrated ensemble model offers higher capability in the organization and description of data [16]. For example, in the context of landslide modeling, Umar et al. [22] and Chen et al. [23] reported improved predictive accuracies for the integrated frequency ratio-logistic regression and weight of evidence-logistic regression models compared to the single frequency ratio and weight of evidence models. To date, however, such a modeling approach has been rarely applied for wildfire prediction [24].



In Iran, based on a report issued by the Forests, Range, and Watershed Management Organization (FRWO), about 6000 ha of forests have been devastated by fires in 2017 alone. Particularly, the Zagros ecoregion in Western Iran is highly affected by frequent wildfires due to its favorable climatic, biophysical, and socioeconomic conditions [20]. Investigations of influencing factors and the production of probability maps have been rarely performed for this highly susceptible ecoregion [7,25]. In this study, we sought to build on these efforts by using and comparing evidential belief function (EBF) and linear regression (LR) models to map wildfire probability in a fire-prone landscape of the Zagros. The modeling approach adopted in this study is motivated by a desire to better explain the mechanisms responsible for wildfire occurrences in the Zagros eco-region and to understand the nature and capability of different models for treating the uncertainty inhered in the spatial explicit modeling of wildfires.




2. Study Area


This study was conducted in the central highlands of the Zagros ecoregion, Western Iran, located between 31°9′ N to 32°48′ N latitude and 49°28′ E to 51°25′ E longitude (WGS 1984/UTM zone 39N) (Figure 1). The study area is a 16,532 km2 extent characterized by vegetation conditions ranging from grasslands to scatter forests dominated by Persian oak (Quercus persica) [7]. Topography varies widely across the area (slope = 0–84°; altitude = 783–4178 m) and significantly affects the local climate conditions. Annual rainfall varies from 1400 mm in the Northwest to 250 mm in the East and Southeast. Historically, winter and spring have been the wettest seasons of the year. The mean annual temperature ranges from 5 °C in the central parts to 16 °C in the Western parts, with an average of 10 °C. Most of the wildfires that occur in this area are caused due to decreased rainfall, drought occurrences, anthropogenic phenomena, or combinations thereof. Despite the frequency of wildfires in this portion of the Zagros ecoregion, few studies have investigated the wildfire probability in this area [14].




3. Methodology


The step by step workflow of the methodology adopted in this study is shown in Figure 2 and includes (1) compiling a wildfire inventory map and a set of the independent/explanatory variables, (2) multicollinearity assessment, (3) predictive modeling of wildfire occurrences using the EBF and LR models, (4) validating and comparing the models, (5) producing wildfire probability maps, and (6) developing a probability map via an ensemble modeling approach.



3.1. Wildfire Inventory


An inventory of historical wildfires is the main basis for the statistical analyses of wildfire probabilities and can be conducted in different ways ranging from field surveys to interpretation of satellite imagery [15,20]. To prepare an inventory map of the wildfires that have occurred in the study area, we first referred to the historical achieves to identify the spatial locations of the burnt areas in the recent past. We then used MODIS hot spot products (http://earthdata.nasa.gov/firms) and conducted several field surveys in various parts of the study area to verify the information of historical archives and produce a more reliable inventory map. Finally, we ended up with an inventory map that consists of occurrence records of 137 fires for the period of 2007–2014 (Figure 1).



Following previous works [2,7,14,15,16,17,18,19,20,21], we randomly sub-divided the wildfire locations into training and validation data subsets. The training dataset included 70% of the wildfires (1096 pixels) and the validation dataset included the remaining 30% of the wildfires (470 pixels).




3.2. Independent Variables


An important task in wildfire predictive modeling is to identify the set of variables that carry complementary information. To adequately account for all local characteristics of the study area, twelve independent variables that have been frequently used in the wildfire literature were considered: Altitude, aspect, slope degree, topographic wetness index (TWI), annual temperature, and rainfall, wind effect, land use, normalized difference vegetation index (NDVI), and distance to roads, rivers, and populated areas. We refer the interested reader to the corresponding literature [7,11,14,15,16,17,18,19,20,21,24] for the information on the significance of these variables on wildfire occurrence and their utility for predictive modeling of future fires. To produce a topographic dataset describing altitude, aspect, slope, and TWI, we used a Digital Elevation Model (DEM) at 30-meter resolution. We processed the information obtained from the Meteorological Organization of the National Cartographic Center of Iran to extract the maps of rainfall, temperature, wind effect, and distance to roads, rivers, and residential areas. Furthermore, we generated the land use and NDVI maps of the study area using Landsat-8 OLI 30 m (http://earthexplorer.usgs.gov). Finally, we categorized each explanatory variable into several classes based on the previous works [14,15,16,17,18,19,20,21,24,25] and local conditions of our study landscape (Figure 3).




3.3. Multicollinearity Assessment


Most of the bivariate and multivariate techniques are sensitive to the inclusion of the collinear variables, as these intercorrelated variables can significantly reduce the accuracy of the model [7]. Thus, before model building, the highly collinear variables should be identified and excluded from further procedures [7,8,9,10,11,12,13,14,15,16]. To examine possible collinearity among the variables used in this study, we computed the variance inflation factor (VIF) and tolerance and checked their critical values for all variables. VIF > 5 or tolerance <0.2 indicate a multicollinearity problem and the variable(s) labeled with these values should be removed.




3.4. Evidential Belief Function (EBF)


The evidential belief function (EBF) model is a quantitative data-driven approach based on the Dempster–Shafer theory [26]. Originally developed by Dempster [27,28], the method was further improved by Shafer [29] for dealing with uncertain, incomplete, and manifold information from multiple sources using various combination rules to get an overall view of the problem [20]. This model consists of four main probability mass functions, including degree of belief (Bel), degree of disbelief (Dis), degree of uncertainty (Unc), and degree of plausibility (Pls), which are scaled in the range of 0–1 [30,31]. While Bel and Pls indicate the lower and upper probability of the generalized Bayesian theory, their difference (Unc) represents the doubt that the evidence supports a proposition [32]. Disfunction refers to a degree of disbelief in evidence with respect to the proposition [33] and is equal to 1 − Pls (or 1 − Unc − Bel). Therefore, Bel + Unc + Dis for evidence regarding any proposition is always equal to 1 (i.e., the maximum probability) [31,33]. In the context of wildfire probability modeling, these relationships can be given by:


BelCij=WCijD∑j=1mWCijD,



(1)






WCijD=N(Cij∩D)/N(Cij)N(D)−(N(Cij∩D))/N(T)−N(Cij),



(2)






DisCij=WCijD¯∑j=1mWCijD¯,



(3)






WCijD¯=N(Cij∩D)/N(Cij)N(T)−N(D)−[(N(Cij)−N(Cij∩D))/N(T)−N(Cij),



(4)






Unc=[1−(BelCij)−(DisCij)],



(5)






Pls=[1−(DisCij)],



(6)




where BelCij is the belief value, DisCij is the disbelief value, N(Cij ⋂ D) is the density of fire pixels in class D, N(Cij) is the total number of fires pixels in the landscape, N(D) is the number of pixels of class D, and N(T) is the total number of pixels in the landscape. A GIS-based wildfire probability modeling using the EBF model can be broken down into four main steps [20]: (1) Linking the historical fire events to the explanatory variables; (2) calculating weights for each variable class; (3) combining the multi-class weights of all variables to produce an index map for each mass function; and (4) developing a spatially explicit map of wildfire probability by combining the four maps of the mass functions.




3.5. Logistic Regression


As the most popular multivariate statistical analysis method for the prediction of different types of natural hazards [34], logistic regression (LR) is capable of exploring the spatial relationship between an event (dependent variable) and an array of independent variables to elucidate the underlying pattern of the occurrence of the event [34]. Since wildfire modeling is typically formulated as a binary problem, LR builds a linear relationship between the dependent variable and independent variables based on the presence (1) or absence (0) of fire. In this case, the model can be given as:


y = α + b1×1 + b2×2 + … + bn×n,



(7)






Pj=11+e−y



(8)




where y is the probability of occurrence (1) or non-occurrence (0) of fire, α is the intercept of the model, bi (i = 0, 1, 2, …, n) represents the model coefficients, xi (i = 0, 1, 2, …, n) donates the set of independent variables, and Pj varies between 0 and 1 and is the probability of fire occurrence in each pixel of the research landscape. The application of the LR model enables us to identify the most prominent variables that best explain the spatial pattern of wildfire probability within the landscape. All LR calculations were performed using the SPSS software and were then transferred to ArcGIS software.




3.6. Ensemble Modeling


To increase our chance for obtaining a more accurate estimate of wildfire probabilities, we followed an ensemble modeling approach recommended in the literature [35] and combined the two probability maps produced by the EBF and LR models, resulting in a single probability map that benefited from the advantages of both EBF and LR models that alleviated some of the limitations of the basic models. To do so, we used the raster calculator tool of the ArcGIS software and performed a simple raster overlay. This operation resulted in combining characteristics for EBF and LR maps into a single probability map.




3.7. Validation and Comparison


The goodness-of-fit and predictive capability of the modeling approaches adopted in this study were evaluated employing the receiver operating characteristic (ROC) curve and its two components, i.e., sensitivity and specificity, that calculated the success rate and prediction rate and their associated area under the curve (AUC). The philosophy and mathematical formulation of this method have been fully presented in the corresponding literature [14,15,16,17,18,19,20,21]. In summary, the sensitivity (i.e., probability of detection) answers the question of what fraction of the observed fire pixels are correctly classified, and its perfect value is 1; specificity (i.e., negative predictive value) answers the question of what fraction of the non-fire pixels are correctly classified, and its perfect value is 1. The ROC of the training dataset yields the success rate of the model and measures the goodness-of-fit of the model. The ROC of the validation dataset yields the prediction rate of the model and indicates how well or poorly the model predicts the future events [7,14,15,16,17,18,19,20,21]. In terms of the AUC value, the values of <0.6 indicate a poor, 0.6–0.7 a moderate, 0.7–0.8 a good, 0.8–0.9 a very good, and >0.9 an excellent model performance [36,37].



To statistically compare the performance of the models, a pairwise comparison between the probability indices extracted from each probability map was performed. This comparative analysis was conducted using the Wilcoxon Signed-Rank Test (WSRT) [38], where the null hypothesis assumes the performance of the models at the significance level of p = 0.05 is the same. The −1.96 < z-value > 1.96 indicates that the p-value is less than 0.05 and rejects the null hypothesis.





4. Results and Discussion


4.1. Multicollinearity Assessment


Our approach was to check and then to adequately select the predictive variables with the highest predictive utility to build the models. Careful multicollinearity assessment is required to confidently include the optimal subset of variables that make the greatest contribution to the likelihood of landslide occurrence [7,14,21]. In this study, the results of the multicollinearity assessment among the variables showed that no variable exceeded the critical values of VIF > 5 and TOL < 0.1 (Figure 4). Thus, we retained all variables in the analysis and model building [7,14].




4.2. Model Results


All classes of the twelve explanatory variables used in this study were characterized by four probability mass functions, i.e., Bel, Dis, Unc, and Pls, that indicate the level of correlation between each variable class and the probability of fire occurrences (Table 1). Applying these four sets of values, four multi-class weighted maps for each variable were developed which were separately overlaid and numerically added to develop an index map of wildfire probability for each probability mass function (Figure 5). The spatial distribution of wildfire probability under each mass function is interpreted regarding the physiography [20] and the local characteristics of the study area. In our study area, higher degrees of Bel and Pls are associated with the road networks and forested areas, while lower degrees correspond to human settlements and associated infrastructure. Whereas this is due to recreational activities along the roads and high fuel loads in the forested areas [2], low fuel load as well as fire suppression strategies protect urbanization areas against seasonal fire events [7,21]. In addition, a higher probability of fire occurrence is seen in parts of the study area that have higher degrees of Bel and lower degrees of Dis values. The Unc map is an uncertainty quantification index and provides insights into the uncertainty of the results [20]. In spatially explicit modeling, a possible source of uncertainty is the spatial heterogeneity [21]. Such a problem happens when the value of a variable at one pixel is different from its neighborhood pixels and can usually considerably limit the reliability of the interpretations made upon the modeling procedure.



The final EBF map of wildfire probability was developed by integrating the four mass probability maps and was reclassified into different probability levels representing the likelihoods of wildfire occurrence across the study landscape (Figure 6). Visually, it is evident that the high and very high levels of wildfire probability are highly associated with the road networks and forested areas. These results are in close agreement with those who reported a positive association between human activities and increased probability of fire occurrence [2,7]. However, if the EBF map is compared to the uncertainty map (Figure 5), it is evident that the areas with high uncertainty correspond to very low and low probability classes, although several fires have occurred in these portions of the landscape. These results motivated us to consider an ensemble approach for treating the uncertainty of the EBF model.



The model parameters resulting from the application of the LR model are shown in Table 2. The final LR model for the training dataset retained only five (i.e., slope, rainfall, land use, and distance to populated areas and roads) of the twelve original variables (Table 3). The regression coefficient (ß) of the selected variables indicate the magnitude to which these variables exert an effect on the probability of wildfire occurrences in the research landscape; chief among them was the land use variable. This variable was used here as a proxy for human influences on the spatial pattern of wildfire probabilities [2,7,11,20,21] that delineated zones of similar conditions in terms of human-ignition patterns, indicating that dry farmlands and forests are the most susceptible portions of the landscape to fire occurrences. During field surveys, we found that while human activities predominantly controlled the distribution of all fires throughout the landscape, the type and contiguous patches of vegetation (i.e., fuel sources for fires) mainly determined the incidence of the largest fires.



The negative coefficients for the slope and distance factors indicate that these variables are of little importance for the probability of fire occurrence (Table 3). Using these coefficients and Equation (7), the wildfire probability values for the entire study region were generated as follows:


Y = ((−5.112) + (Slope × −0.547) + (Rainfall × 0.430) + (Farmland × −1.990) + (Orchard × −0.744) + (Dry farming × 0.809) + (Forest × 0.780) + (Distance to populated areas × −0.214) + (Distance to roads × −0.369))



(9)







Figure 7 shows the observed groups (1 (non-fire) and 2 (fire)) and the predicted probabilities of the pixels used in the LR model. The appropriate bunching of the observations towards the left and right ends of the graph demonstrates that the LR model performed reasonably well at classifying the training dataset into fires and non-fires. The final LR map of wildfire probability was developed by transferring the probability values to the ArcGIS software (Figure 8).



Upon producing the wildfire probability maps using the EBF and LR models, the two maps were combined to achieve an ensemble map of wildfire probability (Figure 9). This operation resulted in combining characteristics for EBF and LR maps into a single probability map.




4.3. Validation and Comparision


The three wildfire probability maps produced by the three models were compared using the success rates (Figure 10) and prediction rates (Figure 11). In the case of the EBF and LR models, LR showed the greatest goodness-of-fit with the training dataset (AUC = 0.843) and the capability to predict future fires (AUC = 0.728). In the literature, EBF and LR models were used either separately [20] or compared to other models [17]. While the EBF model proved itself to be rather simple and easy to apply [20], the LR model appears more complex, as this model requires the modelers to convert the data from the GIS standard format to the format required by the statistical software [17,21]. However, despite the LR that accepts both discrete and continuous inputs, EBF only operates on discrete-form inputs.



Applying the ensemble approach, we achieved an improved model performance in both training (AUC = 0.898) and validation (AUC = 0.864) datasets compared to those obtained using the LR and EBF models. The capability of hybrid and ensemble approaches for improving the predictive accuracy of natural phenomena has been widely acknowledged in previous works [16,35,36,39]. In a recent work, Hong et al. [21] proposed an integrated model that relied on the weight of evidence and the analytical hierarchy process and demonstrated a significantly improved prediction of future fires. The ensemble wildfire probability map developed in this study takes the advantages of both LR and EBF models that successfully measured the importance of each variable and its categories.



The results of the comparison of the success rates using the WSRT (Table 4) indicate that the training performance of the models differed significantly, as z- and p-values for the pairwise comparisons exceeded the critical values. Additionally, the same results were achieved by comparing the prediction rates (Table 5), indicating that the capability of the models to predict wildfires differed significantly. While the EBF model can adequately explore the spatial associations between a variables class and past wildfires, the model fails to rank the variables and generally assumes equal weights for all variables [20]. This is due to the general philosophy of a bivariate model that investigates the significance of several variables separately [16].



Although in this study the multivariate LR model performed much better than the bivariate EBF model, LR has been frequently criticized due to its basic algorithm that considers a linear relationship between a phenomenon and its causal factors [21,34] that actually does not meet the complex nature of natural hazards [16,39]. In this context, some studies even suggest that the LR model tends to underestimate the probability of occurrence of an event [40]. However, some other studies demonstrated that the bivariate models are highly sensitive to the quality of input data and often fail to fully explore the real relationships between wildfires and their drivers [7,20]. On the other hand, some researchers believe that different methods have their own intrinsic advantages and disadvantages and it is not true that a single model is absolutely superior to the others [14,41].



With the increasing frequency and intensity of wildfires, it becomes more and more important to build and suggest accurate predictive models. Approaches integrating multiple individual models can provide robust estimates of future fires [16,21,24]. Given the proven capability of the ensemble approach adopted in this study, we can conclude that the single application of bivariate and multivariate models is inefficient and outdated, highlighting the need to update their basic structures toward an advanced model. Thus, in line with the efforts devoted to developing new models for the prediction of landslides [39] and floods [42], further research is needed to improve the wildfire prediction models and the ability of managers and authorities for making more informed fire presentation and suppression decisions.





5. Conclusions


Within this paper, we presented a comparison of the EBF and LR models for mapping wildfire probability and focused on their predictive capabilities, which is often regarded as the main part of a predictive modeling effort. Whereas the bivariate EBF model successfully identified the variable classes that contribute the most to fire ignition, the multivariate LR model enabled us to rank the explanatory variables with the most influence. The validation process demonstrated the supremacy of the LR model, which provided a more accurate prediction of future fires and their spatial distributions. The difference between the two models motivated us to take an ensemble approach to our modeling process. We used this approach to check for a possible improvement in the results by combining two probability maps. The results of this map combination clearly revealed that the EBF and LR models act very well in conjunction with each other and can significantly improve the ability to predict future wildfires. More generally, further research is required to understand the nature of different models and to understand what characteristics motivate modelers to select a model or not. Understanding these characteristics can help modelers and managers in ways that provide an accurate estimate of wildfire probability in reasonable computation time. Future research must provide explicit information about model selection based on predictive capability, ideally using a more inclusive range of independent variables and powerful data collection methods that will capture landscape characteristics realistically.
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Figure 1. Location of the study area and historical fires. 
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Figure 2. Workflow of the methodology adopted in this study. 
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Figure 3. Independent/explanatory variables used in this study. 
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Figure 4. The multicollinearity diagnosis statistics for the variables. 
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Figure 5. The index maps of the four probability mass functions of the EBF model. 
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Figure 6. The distribution map of wildfire probability produced using the EBF model. 
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Figure 7. Observed groups and predicted probabilities extracted using the LR model. 
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Figure 8. The distribution map of wildfire probability produced using the LR model. 
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Figure 9. The ensemble (EBF-LR) wildfire probability map. 
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Figure 10. Success rate curves of the three models. 
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Figure 11. Prediction rate curves of the three models. 






Figure 11. Prediction rate curves of the three models.



[image: Remotesensing 11 00618 g011]







[image: Table]





Table 1. The spatial relationship between each predictor variable and wildfires extracted by using the evidential belief function (EBF) model.
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Variable

	
Class

	
EBF Probability Mass Functions

	
Variable

	
Class

	
EBF Probability Mass Functions




	
Bel

	
Dis

	
Unc

	
Pls

	
Bel

	
Dis

	
Unc

	
Pls






	
Altitude (m)

	
0–1000

	
0.00

	
0.25

	
0.75

	
0.75

	
Wind effect

	
<0.8

	
0.47

	
0.25

	
0.28

	
0.75




	
1000–1500

	
0.29

	
0.25

	
0.46

	
0.75

	
0.8–1

	
0.31

	
0.23

	
0.46

	
0.77




	
1500–2000

	
0.54

	
0.20

	
0.26

	
0.80

	
1–1.2

	
0.26

	
0.26

	
0.47

	
0.74




	
2000–2500

	
0.28

	
0.26

	
0.46

	
0.74

	
>1.2

	
0.22

	
0.26

	
0.52

	
0.74




	
2500–3000

	
0.18

	
0.28

	
0.54

	
0.72

	

	

	

	

	

	




	
>3000

	
0.04

	
0.27

	
0.69

	
0.73

	
Land use

	
L1

	
0.11

	
0.27

	
0.61

	
0.73




	

	

	

	

	

	

	
L2

	
0.00

	
0.25

	
0.75

	
0.75




	
Aspect

	
F

	
0.21

	
0.26

	
0.53

	
0.74

	
L3

	
0.45

	
0.25

	
0.30

	
0.75




	
N

	
0.27

	
0.25

	
0.48

	
0.75

	
L4

	
0.41

	
0.23

	
0.36

	
0.77




	
NE

	
0.29

	
0.25

	
0.46

	
0.75

	
L5

	
0.37

	
0.23

	
0.40

	
0.77




	
E

	
0.26

	
0.25

	
0.49

	
0.75

	
L6

	
0.24

	
0.29

	
0.48

	
0.71




	
SE

	
0.36

	
0.24

	
0.40

	
0.76

	
L7

	
0.00

	
0.25

	
0.75

	
0.75




	
S

	
0.25

	
0.26

	
0.49

	
0.74

	
L8

	
0.00

	
0.25

	
0.75

	
0.75




	
SW

	
0.36

	
0.24

	
0.40

	
0.76

	

	

	

	

	

	




	
W

	
0.30

	
0.25

	
0.44

	
0.75

	
NDVI

	
−1–0.04

	
0.21

	
0.26

	
0.53

	
0.74




	
NW

	
0.24

	
0.26

	
0.51

	
0.74

	
0.04–0.08

	
0.27

	
0.25

	
0.48

	
0.75




	

	

	

	

	

	

	
0.08–0.1

	
0.29

	
0.25

	
0.46

	
0.75




	
Slope degree

	
0–5

	
0.23

	
0.27

	
0.50

	
0.73

	
0.1–0.12

	
0.26

	
0.25

	
0.49

	
0.75




	
5–15

	
0.39

	
0.21

	
0.40

	
0.79

	
0.12–0.14

	
0.36

	
0.24

	
0.40

	
0.76




	
15–30

	
0.34

	
0.23

	
0.43

	
0.77

	
0.14–0.16

	
0.25

	
0.26

	
0.49

	
0.74




	
>30

	
0.04

	
0.29

	
0.67

	
0.71

	
0.16–0.18

	
0.36

	
0.24

	
0.40

	
0.76




	

	

	

	

	

	

	
0.18–1

	
0.30

	
0.25

	
0.44

	
0.75




	

	

	

	

	

	

	

	

	

	

	




	
TWI

	
<10

	
0.29

	
0.25

	
0.46

	
0.75

	

	

	

	

	

	




	
10–15

	
0.31

	
0.22

	
0.46

	
0.78

	
Distance to roads

	
0–200

	
0.71

	
0.24

	
0.05

	
0.76




	
15–20

	
0.23

	
0.26

	
0.50

	
0.74

	
200–400

	
0.71

	
0.24

	
0.05

	
0.76




	
>20

	
0.11

	
0.26

	
0.64

	
0.74

	
400–600

	
0.65

	
0.24

	
0.10

	
0.76




	

	

	

	

	

	

	
600–800

	
0.97

	
0.23

	
-0.21

	
0.77




	
Temperature (°C)

	
<8

	
0.25

	
0.26

	
0.49

	
0.74

	
800–1000

	
0.33

	
0.25

	
0.41

	
0.75




	
8–10

	
0.20

	
0.29

	
0.51

	
0.71

	
>1000

	
0.22

	
0.60

	
0.18

	
0.40




	
10–12

	
0.26

	
0.26

	
0.48

	
0.74

	

	

	

	

	

	




	
>12

	
0.43

	
0.20

	
0.37

	
0.80

	
Distance to rivers

	
0–200

	
0.31

	
0.25

	
0.44

	
0.75




	

	

	

	

	

	

	
200–400

	
0.21

	
0.26

	
0.54

	
0.74




	
Rainfall (mm)

	
<300

	
0.30

	
0.25

	
0.45

	
0.75

	
400–600

	
0.22

	
0.26

	
0.53

	
0.74




	
300–500

	
0.24

	
0.29

	
0.47

	
0.71

	
600–800

	
0.57

	
0.24

	
0.19

	
0.76




	
500–700

	
0.50

	
0.19

	
0.31

	
0.81

	
800–1000

	
0.22

	
0.25

	
0.52

	
0.75




	
700–900

	
0.21

	
0.26

	
0.53

	
0.74

	
>1000

	

	

	

	




	

	

	

	

	

	

	
Distance to populate areas

	
0–2

	
0.62

	
0.23

	
0.15

	
0.77




	

	

	

	

	

	
2–3

	
0.44

	
0.24

	
0.32

	
0.76




	

	

	

	

	

	
3–4

	
0.55

	
0.23

	
0.22

	
0.77




	

	

	

	

	

	
4–5

	
0.22

	
0.26

	
0.52

	
0.74




	

	

	

	

	

	

	
5–6

	
0.38

	
0.24

	
0.37

	
0.76




	

	

	

	

	

	

	
>6

	
0.18

	
0.39

	
0.43

	
0.61
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Table 2. Summary of the implementation of the logistic regression (LR) model.
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	Step
	Chi-Square
	−2 Log Likelihood
	Cox & Snell R Square
	Nagelkerke R Square





	1
	2.532
	240.749a
	0.075
	0.100



	2
	7.617
	235.434a
	0.101
	0.135



	3
	15.880
	224.975a
	0.151
	0.201



	4
	13.302
	220.813a
	0.170
	0.227



	5
	16.484
	215.842b
	0.192
	0.256







a. Estimation terminated at iteration number 4 because parameter estimates changed by less than 0.001. b. Estimation terminated at iteration number 5 because parameter estimates changed by less than 0.001.


media/file13.jpg





media/file4.png
Independent variables

Topography

Climate

Anthropogenic

Collinearity
asscssment

Historical fire events

’ Random selection

Train (70%) ;: ~

Model

building

Yyvy

Combination of the
probability maps

Validation and
comparison






media/file18.png
50°0|'0"F.

51°0I'0"F.

A 32°3(}'0"N

32°0"0'"N

3I°3(l|’0"N

Wildfire Probability

. Very low

. Low

D Moderate

1 High

B Very high
 Fires-training
@ Fires-validation

~ Main roads

* Human settlements

0510 20 30

)

Km

T

32°30'0"N

32°0'0"'N

I
S0°0'0"E

1
SI°0'ME

31°30'0"'N





media/file21.jpg
Sensitvty

o 6
100-Specificity

s 100

A LA A A

T

100-Specificity





media/file3.jpg
Independent variables

Topography ||
—

Climate

Callinearity

Anthropogenic

Historical e events

— 1

[ Random selction

Trin (0%

Widfre probailty map

TR |—f Wil poabiy map

‘Combination of the

probabilty maps

Validaion and
comparisan






media/file22.png
Sensitivity

100
90
80
70
60
50
40
30
20
10

.......

--------

...........

wesd

4
lllllllIIllIIlIIlllllllllllllIIIIIIIIIII

s

"‘
rd
> 4 green
:
-
P :
:
v {
. :
: PP
A :
rd i
/' peveees
/ :
W Lok
> —_—
:
FEECEE R rd
-

= 100

------------

:, 90
80
70

EBF

| Auc=0.701

SD=0.059
Sensitivity=70.00%
Specificity=67.50%

30
20
10

Illlllllllllllllllllllllllllllllllllllll

0

20

40

60 80

100-Specificity

Sensitivity

100

100

é;. 60 3

-

= 50

w H

= e’ /
3 40 L

LR

AUC=0.728
SD=0.057
Sensitivity=74.18%

Specificity=40.14%

60 80

100-Specificity

90
80
70
60
50
40

30
20
10
0 - |

EBF-LR

AUC=0.864
SD=0.043
Sensitivity=90.00%
Specificity=67.50%

0 20

40 60
100-Specificity

80 100

100





media/file19.jpg
Sens

AuC=0785
SD=0034

285258323

n285%

o 0 4 @ s 100 © 20 a0 6 s 100
100Speciicy 100-Specificty

© 20 40 6 80 10
100-Specificity





media/file7.jpg
Value

mVIF mToL
350

300
250
200

150

100
000

( &S & \s”\e“‘
i '*'g&\f qao‘o

Variables

9 «





media/file10.png
Disbelief map
High : 2.409

Belief map
High : 4.034

Low : 1.532

Low : 1.099

Uncertainty map »

Plausibility map A
High : 5.468 High : 3.704
Low: 1.436

Low : 4.591





media/file14.png
KOZMmMmdommmng

Predicted
Prob:
Group:

Step number: 5

Observed Groups and Predicted Probabilities

+ i
I I

I 2 2 2 I

I 2 2 2 I

+ 2 2 2 2 +

I 2 2 2 2 I

I 1 2 2 2 2 2 2 2 2 2 22 I

I 1 2 22 2 22 2 2 2 22 I l

+ 1 1 2 12 1 12 2122 22 1 22 2 +

I 1 1 2 12 1 12 2122 22 1 22 2 I

I 1 12 22 12 1 11 221 21 221221 2 22 22 22 2 2 2 I

I 1 12 22 12 1 11 221 21 221221 2 22 22 22 2 2 2 I

+ 11 11 111 11 112 1 111 221 11 1211212 212222 2 22 22 22 2 22 22 +

I 11 11 111 11 112 1 111 221 11 1211212 212222 2 22 22 22 2 22 22 I

I 1 11 1 121 111111111 111111 1111311211111 11 1111211 11122222 122 2121221 11 2 2 2211 2 I

I 1 11 1 121 11111131711 113171171 111131123111311 11 1111211 11122222 122 2121221 11 2 2 2211 2 I

0 .1 .3 .4 .5 .6 .7 .8 .9 1
1111111131131713171137113171137113711371137113711371131113111111122222222222222222222222222222222222222222222222222

Predicted Probability is of Membership for 1

The Cut Value is .50
Symbols: 1 - Non-fire

2 - Fire
Each Symbol Represents .5 Cases.






media/file11.jpg
3WON

300N

3OS

Reaiill

SIWO°F

Wildfire Probability Q.
W very low S

B Low

[] Moderate

W High

W very high

* Fires-training
* Fites-validation

~ Main roads
* Human settlements ———
= T

e

ITON

N





media/file6.png
Fires - training
4 Fires - validation

>
+  Fires - training

i training \ o
+ Fires-validaton @B N
N

0510 20 30
A O Km

NwW
Fires - training
4 Fires - validation

Rainfall
(mm)

* Fires - training
Fires - validation

2
Fires - training
Fires - validation

Fires - training
4 Fires - validation

%
Wind cffect

<08 .
0.8-1 q A I 'rrigated farming
] 112 1 Dry farming-poor rangé

I Forest
*  Fires - traininy ood-moderate range
ndry

9
4 Fires - validation

Wetl
* Fires - training raining
Fires - validation

i
Fires - validation

Distance to
roads (m) Distance to
I k
0-200 |>u|)u> ated arcasS(km)
I 200-400
I 400-600 o 23
600-800 i 34
45
I 800-1000
>1000 1 I 56
Fires - training >6

Fires - training
4 Fires - validation 4 Fires - validation * Fires - training
4 Fires - validation






media/file15.jpg
3TN

300N

SerE

W veryow
N Low
Moderate
High
Very high
* Firestraining
* Fires-validation
~ Main roads

* Human settlements

051