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Geospatial information on geographical and human factors improved anthropogenic fire 22 

occurrence modeling in the Chinese boreal forest 23 

Abstract:  24 

We applied a classic logistic regression (LR) together with a geographically weighted logistic 25 

regression (GWLR) to determine the relationship between anthropogenic fire occurrence and 26 

potential driving factors in the Chinese boreal forest, and to test whether the explanatory power 27 

of the LR model could be increased by considering geospatial information of geographical and 28 

human factors using a GWLR model. Three tests, "all variables", "significant variables" and 29 

"cross-validation", were applied to compare model performance between the LR and GWLR 30 

models. Our results confirmed the importance of distance to railway, elevation, length of fire line 31 

and vegetation cover on fire occurrence in the Chinese boreal forest. In addition, GWLR model 32 

performs better than LR in terms of model prediction accuracy, model residual reduction and 33 

spatial parameter estimation by considering geospatial information of explanatory variables. This 34 

indicates that the global LR model is incapable of identifying underlying causal factors for 35 

wildfire modeling sufficiently. The GWLR model helped identify spatial variation between 36 

driving factors and fire occurrence, which can contribute better understanding of forest fire 37 

occurrence over large geographic areas and the forest fire management practices may be 38 

improved based on it.  39 

 40 

Keywords: human-caused fire, wildfire, geographically weighted logistic model, driving factors, 41 

geospatial. 42 

 43 
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Introduction 45 

Forest fires are both a critical process in natural forests and a major cause of timber loss and 46 

human suffering (Fernandez-Pello 1994). Frequency of forest fires has increased significantly 47 

globally over the last decades. Forest fires have been the dominant disturbance regime in boreal 48 

forests since the last Ice Age, influencing energy flows and biogeochemical cycles, including 49 

local and global carbon cycling (Weber and Flannigan 1997). As in other boreal forests of the 50 

world, the Chinese boreal forest is threatened by fire (Stocks 1993; Shvidenko and Goldammer 51 

2001). Anthropogenic fire is linked to human-mediated disturbance (encroachment, smoking, 52 

agricultural practices, hunting, fireworks, fire escape from locomotives and resident homes, 53 

recreation, industrial activities, tourism, intentional fires, etc.), which have played a critical role 54 

in fire occurrence in boreal forests. In Canada, two-thirds of all forest fires are caused by humans 55 

(Wotton et al. 2003). In the Siberian boreal forest, more than 85% of fires are linked to 56 

anthropogenic sources (Mollicone et al. 2006). In the Chinese boreal forest, human-caused forest 57 

fires account for approximately 60-80% of the total number of fires annually (Guo et al. 2015). 58 

Because of the significant influence of forest fire on the forest ecosystem and socio-economy, 59 

governments and researchers have devoted considerable effort to fire prediction.  60 

    Understanding the driving factors that influence human-caused fire occurrence is the key to 61 

fire prediction. Korovin (1996) indicated the influence of road distribution on anthropogenic fire. 62 

Niklasson and Granstrom (2000) and Wallenius et al. (2004) found that expansion of human 63 

settlements and increased population density drives fire occurrence in the boreal forest of 64 

northern Europe. Factors such as topography (i.e. elevation and slope) and forest type have also 65 

been found to be meaningful drivers (Mollicone et al. 2006; Syphard et al. 2007; Romero-66 

Calcerrada et al. 2008; Martinez et al. 2009; Romero-Calcerrada et al. 2010).  67 
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Logistic regression (LR) is the most commonly used model to predict the probability of fire 68 

occurrence and has been used successfully both at local (Vega-Garcia et al. 1995; Vasconcelos et 69 

al. 2001; Liu et al. 2012) and continental scales (Prasad et al. 2008; Martinez et al. 2009; Padilla 70 

and Vega-Garcia 2011). However, such a statistical model may be inappropriate for identifying 71 

the relationships between fire occurrence and influence factors because the assumptions of the 72 

non-spatial (stationarity) models, such as individual errors being independent of each other, may 73 

be violated. This leads to biased estimation of standard errors of model parameters and 74 

significance levels of statistical tests, and over-estimation of model R
2
 (Anselin and Griffith 75 

1988). Researchers have indicated that spatial heterogeneity in the model parameters are more 76 

consistent with real-world situations and can be the result of random sampling variations and 77 

spatially varying relationships (Fotheringham et al. 1996; Foody 2003; Wang et al. 2005). 78 

Koutsias et al. (2005) found that the explanatory power of a global linear regression model 79 

increased considerably when it assumed varying relationships instead of constant ones.  80 

Geographically weighted regression (GWR) is a useful exploratory analytical tool that can 81 

provide information on spatial non-stationarity in relationships between variables (Huang and 82 

Leung 2002; Matthews and Yang 2012). Zhang, Gove and Health (2005) found that GWR 83 

produced more accurate predictions for the response variable, and the residuals of the GWR 84 

model had more desirable spatial distributions including lower spatial autocorrelation compared 85 

to non-spatial models. In addition, GWR is an effective technique that enables regression model 86 

parameters to vary in space (Huang and Leung 2002; Foody2004; Wang et al. 2005). In the past 87 

decades, GWR has been applied successfully in many research areas, including forestry, ecology 88 

and social science (Zhang and Shi 2004; Wang, Ni, and Tenhunen 2005; Nakaya et al. 2005). In 89 

recent years, a GWR logistic model has also been used for forest fire prediction and its 90 
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superiority has been identified by researchers (Koutsias et al. 2010; Martinezet al. 2013; 91 

Rodrigues et al. 2014). 92 

Taking the above perspectives into consideration, this study applies classical LR together with 93 

a GWR logistic model to explore long-term forest fire occurrence patterns in the Chinese boreal 94 

forest over the last decades. Specifically, the objectives are to: (1) identify potential driving 95 

factors of fire occurrence, from topography, vegetation and human factors; (2) explore whether 96 

the relationship between fire occurrence and influence factors are globally constant or spatially 97 

variable; (3) further explore spatial variability by identifying significant factors that can 98 

eventually explain spatially varying parameters; (4) compare the performance of GWLR and LR 99 

models for fire occurrence. Our hypothesis is that geospatial information of factors will increase 100 

the explanatory power of a forest fire prediction model. 101 

Materials and Methods  102 

Study area 103 

China’s boreal forests, located in the Daxing'an Mountains of northeastern China (50°10 - 104 

53°33′N and 121°12′ - 127°00′E), are the southernmost part of the global boreal forest biome 105 

(Jiang et al. 2002). The total area of the forest covers 8.46×10
6 

ha (Fig. 1). The dominant species 106 

is Dahurian larch (Larix gmelinii Rupr.) and is normally accompanied by white birch (Betula 107 

platyphylla Suk.), Mongolian pine (Pinus sylvestris L. var. mongolica Litv.), and Mongolian oak 108 

(Quercus mongolica Fisch. ex Ledeb.). The Daxing’an Mountains are located in a cold-temperate 109 

zone, with mean annual temperatures between -2 °C and 4 °C, and a range extending from -110 

52.3 °C to 39.0 °C. The mean total annual precipitation is between 350-500 mm. 111 

This region has the largest average annually burned area in China and is generally exposed to 112 

extremely high fire risk. Between 1980 and 2005, there were more than 1,000 forest fires, 113 
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including more than 600 human-caused fires, and a total area of burned forest amounting to 114 

1,300,000 ha (Guo et al. 2015). In recent years, fires have become smaller (burned area), but 115 

occur more frequently and more intensely than before (Chang et al.2007). 116 

Data collection  117 

Dependent variable: fire record  118 

In this study, anthropogenic causes of forest fire included smoking, hunting, fireworks, and 119 

escaped fire from locomotives and resident homes. Anthropogenic fire data for the Daxing’an 120 

Mountains from 1980-2004 were provided by the Forest Fire Prevention office of the 121 

Heilongjiang Forestry bureau, China, including fire location, size, cause and date of occurrence. 122 

The fire data were acquired in a geo-database format and contained geographically referenced 123 

point locations of forest fires in the Daxing’an Mountains. Before 1990, the records of fire 124 

location were determined by the fire chief, who identified each fire location through a combined 125 

approach of fixed observation points in the forest and the Terrain and Forest Instruction Map 126 

(1:100 000)(Guo et al. 2015). Locations of fires after 1990 were recorded by GPS. 127 

We randomly generated non-fire (i.e. control) points at a ratio of 1:1.5 as the fire ignition 128 

number (Catry et al. 2009; Chang et al. 2013) to meet the binary-variable requirement of LR and 129 

GWLR models. In addition, in order to improve the robustness of the method, random generation 130 

was applied one hundred times and then the non-fire points were extracted from all the randomly 131 

generated points as the 1:1.5 ratio. Consequently, the values for the dependent variables were 132 

assigned as ‘0’ and ‘1’ for control points (n=905) and fire points (n=620) respectively.  We 133 

excluded non-fire (i.e. control) points located in water bodies or urban areas. 134 

Independent variables  135 

The independent variables consist of four categories, including topographic, vegetation, 136 
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infrastructure and socio-economic factors. Details are provided in Table 1. The criteria for 137 

independent variable selection were based on previous studies of fire occurrence. 138 

Vegetation type  139 

A digital vegetation map of China (1km resolution) was downloaded from the Cold and Arid 140 

Regions Science Data Center, China (http://westdc.westgis.ac.cn/). The data were gathered in 141 

2000.We grouped polygons into the following five categories: needleleaf deciduous tree cover 142 

(30.6%), broadleaf deciduous tree (12.8%), needleleaf evergreen tree (11.5%), broadleaf 143 

deciduous shrub (7.45%), grass and agricultural crop (37.7%). Forest vegetation types for each 144 

fire and control point (i.e. non-fire) were extracted from the vegetation map layer using ArcGIS 145 

10.0. We used the proportion of each vegetation type in which either a fire or control point was 146 

located in the study area to develop the model. 147 

Vegetation cover  148 

We used fractional vegetation cover (FVC) to represent the corresponding fuel amount of each 149 

fire or control point. FVC is the vertical projection of the crown or shoot region of vegetation to 150 

the ground surface within a unit area, expressed as a fraction or percentage (Purevdor 1998). The 151 

FVC was calculated based on the normalized difference vegetation index (NDVI), which is a 152 

simple graphical indicator that can be used to assess whether the target being observed contains 153 

live green vegetation or not. Gutman and Ignatov (1997) proposed the relationship model 154 

between NDVI and FVC as: 155 

)()( soilvegsoil NDVINDVINDVINDVIFVC −−=       (1) 156 

where, NDVIveg and NDVIsoil are the NDVI of dense vegetation canopy and bare soil, 157 

respectively. The NDVI dataset has a spatial resolution of 1km and was provided by the 158 

International Scientific and Technical Data Mirror Site, Computer Network Information Center, 159 
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Chinese Academy of Sciences (http://www.gscloud.cn). 160 

Topography  161 

Elevation, slope and aspect were retrieved based on high-resolution (25 m) digital elevation 162 

model (DEM) data that was built in 2000 and collected from the National Administration of 163 

Surveying, Mapping and Geoinformation of China. Aspect was extracted as flat, north (315-45
o
), 164 

east (45-135
o
), south (135-225

o
) and west (225-315

o
). The proportion of each aspect in the study 165 

area was calculated and used in developing the model, along with the other two topographic 166 

variables, elevation and slope.  167 

Infrastructure 168 

Human infrastructure has been identified as a main driver of wildfire occurrence by many 169 

studies (Martinez et al. 2009; Oliveira et al. 2012; Mundo et al. 2013; Oliveira et al. 2014). In 170 

this study, a number of tested variables (anthropogenic and environmental factors) were used 171 

based on previous studies, but other unique untested variables like number of inspection stations 172 

and length of fire line were also included. Other variables such as distance to the nearest railway, 173 

distance to the nearest road and others that can reflect the impact of distance between 174 

infrastructure and forest fire occurrence were also retrieved from a 1:250,000 Digital Line 175 

Graphic (DLG) map which was built in 2000 and collected from the National Administration of 176 

Surveying, Mapping and Geoinformation of China. All data extraction was done in ArcGIS 10.0. 177 

Socio-economic factors  178 

Socio-economic factors included annual funding for forest fire prevention and per capita GDP. 179 

These variables have been used in other similar studies to represent the trend of potential 180 

changes in human activity, which may influence fire occurrence (Maingi and Henry 2007; 181 

Oliveira et al. 2014). The data was collected from the Heilongjiang Statistical Yearbook (2006) 182 
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and the Local Chronicles of Forest Fire Prevention of Daxing’an Mountains (2005). 183 

Model description 184 

Logistic Regression (LR) 185 

LR has been used for fire occurrence prediction and to examine the driving factors of fire 186 

occurrence in different regions of the world at various scales (Martell et al.1987; Vega-Garcia et 187 

al.1995; Martinez et al. 2009). It considersp�as the probability of fire occurrence: 188 

p� =
���(�	
∑ ����


��� )

�
���(�	
∑ ����

��� )

   (2) 189 

The corresponding probability p�can be transformed to a linear function as below: 190 

logit(p�) = log(
��

����
) = β� + ∑ β�x�

�
���    (3) 191 

where, Xi represents explanatory variables, β� is the intercept, and β� are coefficients of variables. 192 

Geographically Weighted Logistic Regression (GWLR) 193 

GWLR models can be considered an expansion of the standard LR model that incorporates 194 

geographical location into the models. The formula can be written as follows: 195 

logit(p�) = log(
��

����
) = β�(μ�, γ�) + ∑ β�(μ�, γ�)x�

�
���      (4) 196 

where,	β� and β� are GWLR model parameters specific to a location at (μ�, γ�) coordinates. 197 

An important aspect of GWR modeling is determining a weighting function for estimating local 198 

model parameters. In GWR, the weighting function uses a distance function, resulting in 199 

observations closer in space, which are generally assumed to have a greater effect on local 200 

parameter estimates. In software GWR4, there are four kinds of kernel functions which can be 201 

used to determine the weighting matrix, including:① Fixed Gaussian,②Adaptive Gaussian, ③ 202 

Fixed bi-square, and ④Adaptive bi-square. Zhang et al. (2014) found that the Adaptive Gaussian 203 
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has a better performance than other functions. The adaptive Gaussian can be expressed as 204 

follows:  205 

2 2

( ) ( )

( )

(1 / )

0

ij i k ij i k

ij

ij i k

d d
W

d

θ θ

θ

 − <
= 

>
                            (5) 206 

where, $%&is the weight value of an observation at location j for estimating the coefficient at 207 

location i;'%&is the Euclidean distance between locations i and j;(is the bandwidth size;(%())is the 208 

kernel bandwidth size defined as the kth nearest neighbor distance. In this paper, we selected an 209 

Adaptive Gaussian function to fit the model (Wang et al. 2005; Wu and Zhang 2013; Zhang et 210 

al.2014). 211 

Model fitting and evaluation 212 

Dataset division 213 

       In this study, three types of tests (i.e. all variables test, significant variables test and cross-214 

validation test) were set up to compare the fitting effect of LR and GWLR models. To avoid the 215 

influence of sample distribution on the test results, the original dataset was randomly divided 216 

into training (60%) and validation (40%) samples (Rodrigues and de la Riva 2014). This 217 

procedure was repeated five times, applying a sampling with replacement method, resulting in 218 

five random sub-samples of data, each one with its own training and validation dataset. 219 

Model comparison procedure 220 

In the all variables test, all 13 variables are selected to test the model fit of the five sub-221 

samples and the complete samples. In the significant variables test, to select the significant 222 

variables, the forward Wald method was used in the LR model. To test the model fit of five sub-223 

samples, the principle of the quartile range of the estimated coefficients of GWLR is greater 224 

than±1 standard deviation range of the estimated coefficients of LR (Zhang et al. 2014) was 225 
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applied in the GWLR model. Variables that appeared to be significant in at least three of five 226 

intermediate models were included in the final model. To better compare the fitting results of the 227 

two models, a variable cross-validation test was conducted (i.e.significant variables from the 228 

GWLR model were used to fit the LR model, while significant variables from the LR were used 229 

to fit the GWLR model). We applied local polynomial interpolation in ArcGIS 10.0 to estimate 230 

the coefficients of each variable for the entire study area (Rodrigues et al. 2014). 231 

Model evaluation approaches 232 

SPSS19.0 was used for fitting the LR model and software GWR4.0 was used for fitting the 233 

GWLR model. The predictive performance of the two models was assessed by employing AIC, 234 

AICc and SSE. The smaller the value of AIC, AICc and SSE, the better the performance of the 235 

model fitting. Additionally, Receiver Operating Characteristic (ROC) curve analysis (Fielding 236 

Bell 1997) was used to evaluate prediction accuracy of the two models. The ROC curve was 237 

obtained by plotting sensitivity versus specificity for various probability thresholds. The area 238 

under the curve (AUC) is also often used to evaluate performance (Jimenez-Valverde 2012). An 239 

AUC of 0.5 indicates no discrimination; 0.5-0.69 poor discrimination; 0.7-0.79 reasonable 240 

discrimination; and 0.8-0.9 excellent discrimination (delHoyo et al. 2011). In other words, higher 241 

AUC indicates better performance of model fitting. Moreover, the Youden criterion can be 242 

derived from ROC curve analysis (Youden criterion=sensitivity + specificity-1). This can then be 243 

used to determine the cut-off point. If the predicted probability of fire occurrence is greater than 244 

the cut-off point, forest fires are considered to occur; otherwise, there is no occurrence of forest 245 

fires (Garcia et al. 1995; Catryet al. 2009). The prediction accuracy of five sub-samples and 246 

complete samples of two models were also calculated and results were compared.  247 

We expressed the significant coefficient of each variable as a separate spatial layer by dividing 248 
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the entire study area into 1x1 km grids. In addition, we performed interpolation using Kriging 249 

method on the estimated coefficients of each variable with complete dataset in ArcGIS 10.0 250 

software. These different significant-coefficient layers were overlaid to identify the level of 251 

spatial variability of variables in each grid. Finally, the Global Moran’s I was used to calculate 252 

spatial autocorrelation coefficients for the residuals of each model.  The smaller the value of the 253 

Global Moran’s I, the smaller the residual spatial dependence, and the better the performance of 254 

the model fitting, including more spatial relations  (Zhang et al. 2014). The Global Moran’s I was 255 

calculated using the software package Rookcase added in Excel (Wu and Zhang 2013). 256 

In order to eliminate the bias of model fitting, a multicollinearity analysis regarding 257 

independent variables was performed before fitting the two models. We used the variance 258 

inflation factor (VIF) to perform the multicollinearity diagnosis. A value of VIF>5 indicates a 259 

significant collinearity between the independent variables, and the variables should be eliminated 260 

(Wu and Zhang 2013).The total random points generated for fire points (620) and non-fire points 261 

(905) were extrapolated for the entire study area. 262 

Results and Analysis 263 

Model fitting and prediction accuracy comparison 264 

Comparison based on all variables 265 

    Absence of multicollinearity between our 13 variables meant that all variables could be used in 266 

model fitting. All 13 variables were used to fit the LR and GWLR models. Estimated coefficients 267 

in both models showed that elevation, number of inspection stations, and fire line were 268 

negatively correlated; whereas variables like per capita GDP, distance to settlement, slope and 269 

funding correlated positively with fire occurrence (Appendix Table A1). The relationship 270 

between fire occurrence and the remaining variables was different between the two models. 271 
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Coefficients of the other six variables (i.e. distance to railway, distance to river, distance to road, 272 

forest type, aspect and vegetation cover) had both positive and negative effects in both the 273 

models, but varied in space (Appendix Fig. A1).   274 

Model fitting evaluation (Appendix Table A2) shows that, compared to the LR model, the 275 

GWLR model has smaller AIC, AICc, SSE and higher prediction accuracy in each sample and 276 

complete dataset, indicating a better model fit. The ROC curve (Appendix Fig. A2) also clearly 277 

showed the superiority of GWLR model fit relative to LR.  278 

Comparison based on significant variables 279 

Table 2 shows the variables from the LR and GWLR models that were tested, their inclusion 280 

in the model being based on prior determination of significance. The LR model selected three 281 

significant variables: elevation, per capita GDP and fire line.  The GWLR model selected four 282 

significant variables: elevation, per capita GDP, distance to railway and vegetation coverage. The 283 

selected variables were used to fit the complete sample dataset in the LR and GWLR models 284 

(Table 2). 285 

Estimated coefficients of the two models, using the complete sample dataset, shows that 286 

elevation and fire line were negatively correlated with forest fire occurrence. There was a 287 

positive relationship between fire occurrence and per capita GDP using the LR model. The 288 

spatial heterogeneity coefficients of two variables, such as distance to railway and vegetation 289 

coverage, showed both positive and negative relationships across the study area in the GWLR 290 

model (Fig. 3). 291 

Model evaluation using significant variables (Table 3) showed that, compared to the LR model, 292 

the GWLR model had smaller AIC, AICc, SSE, and higher prediction accuracy in each samples 293 

and complete dataset.  This indicates that the GWLR model had better goodness of fit. ROC 294 
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curve analysis (Fig. 2) showed that the GWLR model had better predictive ability than the LR 295 

model. The prediction accuracy of the LR model ranged from 58.6% to 70.5%, while the 296 

prediction accuracy of the GWLR model ranged from 65.2% to 79.9% (Table 3). As with the 297 

comparison based on all variables, the GWLR model showed higher prediction accuracy in each 298 

sample and the complete dataset compared to the LR model. 299 

Comparison based on cross-validation 300 

In order to better compare the fitting performance of the LR and GWLR models, a cross-301 

validation test was conducted. In the cross-validation test, each model was tested using the 302 

variables that were significant in the other model to identify the relative accuracy of each model 303 

(i.e. significant variables obtained from the GWLR were used to fit the LR model, and vice 304 

versa).The estimated coefficients of the two models using the samples and complete sample 305 

dataset are shown in Appendix Table A3.  306 

The fitting results of the cross-validation test (Appendix Table A4) shows that, compared to 307 

the LR model, the GWLR model has smaller AIC, AICc, SSE, and higher prediction accuracy, 308 

indicating the advantage of its model fitting. ROC curve analysis (Appendix Fig. A3) shows that 309 

the GWLR model has better predictive accuracy than the LR model. 310 

Exploring the spatial variability of significant variables 311 

We focused this analysis on our GWLR model, since LR is incapable of showing the spatial 312 

variability of variable coefficients. In order to better show the spatial variation of coefficients of 313 

significant variables using GWLR for the entire study area, we performed spatial interpolation on 314 

estimated coefficients of each variable using the complete sample dataset in ArcGIS 10.0.   315 

Fig. 3 shows that distance to railway, elevation and fire line have a significant negative 316 

influence in most parts of the study area. However, vegetation cover has a strong negative 317 
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correlation with fire occurrence at the south corner of the study area, but a positive correlation in 318 

the northeast of Daxing’an Mountains. It is worth noting that only four variables showed a 319 

significant coefficient in space over the entire study area. 320 

We identified the regions exhibiting different spatial variability based on GWLR model. All 321 

coefficients were combined into one layer to identify regions of high and low spatial variability 322 

(Fig. 4). Fig. 4 shows that the entire region had spatial variability, and the highest variation in 323 

space occurred in the north and south portions of the study area. 324 

Spatial autocorrelation of residuals 325 

Global Moran’s I of the GWLR model was smaller than for the LR model (Fig. 5). This 326 

indicates that, compared to the LR model, the GWLR model considers spatial autocorrelation 327 

more, which could be better for modeling and forecasting forest fire occurrence. 328 

Discussion 329 

We identified the strength of the GWLR model for predicting forest fire occurrence relative to 330 

the global LR using a series of tests (i.e. "all variables test", "significant variables test" and 331 

"cross-validation test").  We determined that geospatial information of explanatory factors should 332 

be considered when modeling anthropogenic fire occurrence in the Chinese boreal forest. 333 

Distance to railway, vegetation cover, elevation, and fire line were identified as the probable 334 

reasons underlying fire occurrence. Distance to railway was negatively correlated with 335 

anthropogenic fire occurrence in the Daxing'an Mountains, indicating that higher fire 336 

probabilities might be expected in areas close to railways. This is likely attributable to a variety 337 

of different sources, including errant sparks released from the steam engine, fire accidents that 338 

occur in the trains, and smokers travelling by train who throw lit cigarettes out the windows, as 339 

well as a lack of controlled burning and burning activities near the tracks. The map representing 340 
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the distance to railway and locations of fire ignition is shown in the Appendix Fig. 4. It clearly 341 

indicates that fire incidence happens closer to railway tracks. Railways reflect the transportation 342 

corridor and according to the official record of fire causes, as well as other studies, some fires are 343 

caused directly by human activities around railways (Stephens 2005; Romero-Calcerrada et al. 344 

2008; Chang et al. 2013). The coefficient of distance to railway is significant in most of study 345 

area (Fig. 3). 346 

According to our study, anthropogenic fire is more likely to occur at low elevations. It is well 347 

acknowledged that intensive human activities tend to be focused at low altitudes, which may 348 

increase the likelihood of human-caused fire ignitions (Syphard et al. 2008; Oliveira et al. 2012; 349 

Chang et al. 2013). In addition, the effects of altitude in weather conditions, vegetation cover and 350 

soil moisture are less favorable to fire occurrence as altitude increases (González et al. 2006; 351 

Vilar et al. 2010). The significant coefficient of the variable shows that the influence of elevation 352 

is spread over most of the study area, with the strongest impact focused at the western region of 353 

Daxing'an Mountains, which has high elevated terrains. It can be concluded that elevation may 354 

result in greater influence on fire occurrence when compared to the other regions of the study 355 

area. 356 

    Fire line represents local fire prevention activity. The local forest fire agencies burn the fire 357 

line regularly, especially during the fire season, to remove understory vegetation cover and to 358 

slow or stop the spread of forest fire, as well as identify the cause and origin of fire occurrence. 359 

According to our findings, the length of the fire line is negatively correlated with fire occurrence. 360 

This is because the length of burning the fire line increases every year if the intensity and area of 361 

fire occurrence was higher in the previous year. This indicates that using fire lines works 362 

efficiently for fire spread control.  363 
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Vegetation cover represents the amount of available fuel during forest fires, which has been 364 

found to be an important indicator positively related to the forest fire ignition in previous study 365 

(Chuvieco et al. 2004). In this study, vegetation cover showed a significant, inverse relationship 366 

with fire occurrence in the southern region of the study area (Fig. 3). This seemed contrary to our 367 

previous understanding, and suggests that the spatial variation of forest fuel may not be the 368 

primary cause of local forest fire occurrence in the southern Daxing'an Mountains. Previous 369 

study by Lampin-Maillet et al. (2010) highlighted that, a low level of fire density occurs even if 370 

the vegetation cover is dense accompanied with more human settlements, which may explain our 371 

inconsistent findings.  372 

    Analysis on spatial variation indicates that, the variables specific to the regions play a major 373 

role in wildfire occurrence. Fig. 4 shows the areas influenced by a number of factors that vary on 374 

the spatial scale and have different spatial variability. Spatially varying relationships are 375 

associated with geographic characteristics of the dependent and independent variables. A very 376 

high spatial variability is found in the north and south parts of Daxing'an Mountains, with some 377 

regions impacted by two to three variables. However, Fig. 4 shows that only one variable 378 

influences fire occurrence in eastern Daxing’an Mountains. Due to the complexity of spatial 379 

influence of variables on fire, one global model seems to be insufficient to describe the 380 

relationship between fire occurrence and the underlying explanatory variables. The lower the 381 

number of predictors is easier to choose and apply fire prevention measures. However, it does 382 

not mean that higher number of significant variables cause more fire risk. 383 

In addition, compared to the LR model, we found that the GWLR model reduced spatial 384 

autocorrelation errors, although it does not directly address spatial autocorrelation issues 385 

(Propastin and Kappas 2008). These findings are consistent with other researchers (Koutsias et al. 386 
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2005). Wu and Zhang (2013) pointed out that a GWR model is not designed to model spatial 387 

autocorrelation. However, it estimates local rather than global parameters explicitly at each data 388 

point, which can account for spatial heterogeneity, especially for data with high spatial variability. 389 

In this study, the GWLR model shows better performance and accuracy than the LR model in 390 

relation to fire occurrence. However, GWLR may not suitable for making the general inference 391 

about the relationship between variables and fire occurrence. It is likely that the relationships are 392 

in fact global, but it is possible that the effects of these variables appear to vary locally due to 393 

interactions terms (e.g. the effect of vegetation cover on fire occurrence may switch from 394 

positive to negative depending on different human influence). As Jetz et al. (2005) concluded 395 

that GWR method may not be a complete alternative, but rather a good complement to global 396 

spatial regression modelling. Its power in illustrating local performance of predictor variables 397 

and their interaction with scale makes it a useful tool for forest fire analyses at the broad scale. 398 

The study includes several caveats. There was no past or current information for variables 399 

such as distance to roads, distance to settlements, which likely change over time. The findings 400 

also limited by the data range, which only includes up to the year 2004. Future studies would 401 

benefit in testing model applicability by also including climatic variables that promote fire 402 

occurrence. The characteristics of the data collected from different data sources need to 403 

incorporate up to date information on variables for improving the paradigm of forest fire 404 

modeling. Addressing these caveats will help towards providing fundamental information upon 405 

which more sound forest fire management practices may be developed in a changing socio-406 

economic and environmental landscape.  407 

Conclusions 408 

In this study, classical LR modeling was used along with GWLR modeling to explain wildfire 409 
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occurrence patterns in the Chinese boreal forest. Results indicate the importance of distance to 410 

railway, vegetation cover, elevation and fire lines as underlying factors of fire occurrence, with 411 

the latter two variables being negatively correlated with fire incidence. Compared to the LR 412 

model, the GWLR model has a better performance in model prediction accuracy, model residual 413 

reduction and spatial parameter estimation, indicating spatially varying relationships enhance the 414 

explanatory power of global methods that do not appear sufficient to fully describe the 415 

relationship between wildfire occurrence and the underlying explanatory factors. Indeed, the 416 

GWLR model can complement the global LR model in helping to overcome the problem of non-417 

stationary variables, which means the geospatial information of explanatory variables should be 418 

considered to improve anthropogenic fire occurrence modeling in the Chinese boreal forest. 419 

 Geographically weighted regression methods can be used to identify different variables, both 420 

spatially and locally. This will help to isolate and interpret the specific factors responsible for fire 421 

occurrence, which in turn provides information to design improved fire deployment activities for 422 

local forest managers. In addition, the identification of regions with spatially varying 423 

relationships can provide insight into fire management and policy and help to further our 424 

understanding of the fire problem over large areas, while at the same time recognizing its local 425 

character.  426 
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Figure Captions 613 

Figure 1. Location map of study area with fire points 614 

 615 

Figure 2. ROC Curves of the LR and GWLR models for five samples and complete dataset (CS) 616 

with significant variables. The upper curve (GWLR) has greater area under the curve (AUC) than 617 

that of LR, indicating GWLR has a relatively higher model fitting ability. AUC values of the 618 

respective sample are given in parenthesis. 619 

 620 

Figure 3. Significant areas of the estimated coefficient maps resulting from GWLR. If the t-value 621 

of the estimated coefficient for a particular variable is < -1.96 or > 1.96, then the variable has a 622 

significant effect on fire presence; otherwise, the variable is considered as having no significant 623 

effect on fire presence. Negative coefficients are mapped with cold colors (blue) and positive 624 

coefficients with warm colors (orange to red). Full variable names, represented by abbreviations 625 

here, are given in Table 1. 626 

 627 

Figure 4. Regions where the coefficient of variables of the GWLR model were significant. The 628 

degree of spatial variability is expressed by the number of variables exhibiting spatial variability. 629 

 630 

Figure 5. Residual spatial autocorrelation coefficients plots of the LR and GWLR models, where 631 

a: all variables test; b: significant variable test; c: cross-validation test. 632 
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Table 1. Independent or predictor variables included in forest fire model development for 1 

Daxing’an Mountains 2 

Variable 

Type 

Variable 

Name 
Code Description 

Topographic 

Elevation Elev 
The elevation of each fire point and control extracted from 

a raster map of study area 

Slope Slope 
The slope of each fire point and control extracted from a 

raster map of study area 

Aspect Aspect 
Proportion of each aspect class (flat, N, E, S, W) in the 

study area 

Vegetation 

Forest type Forest_type Proportion of each forest type in the study area 

Vegetation 

cover  
Veg_cover 

The fractional vegetation cover over the entire study area 

at 1 km resolution 

Infrastructure  

Distance to 

railway 
Dis_railway The distance between railway and fire point  

Distance to 

river 
Dis_river The distance between river and fire point  

Distance to 

road 
Dis_road The distance between road and fire point  

Distance to 

settlement 
Dis_sett The distance between settlement and fire point  

Number of 

inspection 

stations 

LNS 

The number of inspection stations that were used to 

inspect the potential fire source with people who will 

enter the mountains during the fire season 

Length of fire 

line  
Fireline The length of fire line for fire prevention 

Socio-econom

ic 

Per capita 

GDP 
CGDP Per capita GDP of the study area 

Funding   Funding Annual funding for forest fire prevention 

 3 

 4 

 5 

 6 

 7 

 8 

 9 

 10 

 11 
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Table 2. Coefficient estimates of significant variables from LR and GWLR models 12 

Model Statistics βintercept β dis-railway β2- β7 β elevation β CGDP β10-11 βfire line βvegetation cover  

LR Estimate 2.8736  / / -0.0034  0.00014  / -0.0003  / 

 

Standard deviation 

(s.d.) 

0.3458  / / 0.0005  0.00003  / 0.0001  / 

 Estimate -1 s.d. 2.5278  / / -0.0038  0.00011  / -0.0003  / 

 Estimate +1 s.d. 3.2195  / / -0.0029  0.00016  / -0.0002  / 

GWLR Minimum -0.8350  -0.0336  / -0.0058  / / -0.00068  -2.0262  

 25% quartile 0.5161  -0.0210  / -0.0041  / / -0.00052  -0.8489  

 Mean 1.9052  -0.0106  / -0.0032  / / -0.00037  0.2487  

 Median 1.5866  -0.0124  / -0.0030  / / -0.00037  0.6086  

 75% quartile 3.2335  0.0013  / -0.0025  / / -0.00023  1.2608  

 Maximum 5.3785  0.0099  / -0.0010  / / -0.00005  1.9520  

Note:β2: Distance to river; β3: Distance to road; β4: Distance to settlement; β5: Forest type; β6: Slope; β7: Aspect; 13 

β10: Funding; β11: Number of inspection stations. 14 

 15 

 16 

 17 

 18 

 19 

 20 

 21 

 22 

 23 

 24 

 25 

 26 

 27 

 28 
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Table 3. Comparison of the LR and GWLR models based on significant variables 29 

Data Model AIC AICc SSE Cut-off 

Prediction accuracy (%) 

Training data 

(60% ) 

Validation data 

(40% ) 

Sample 1 

LR 740.04 740.10 114.06 0.216 60.3 61.6 

GWLR 610.27 612.11 75.54 0.329 77.4 65.2 

Sample 2 

LR 730.48 730.61 118.84 0.205 60.6 58.6 

GWLR 619.71 621.66 92.88 0.394 79.9 69.3 

Sample 3 

LR 748.97 749.06 111.50 0.279 70.5 63.2 

GWLR 640.65 641.45 100.44 0.296 72.9 67.3 

Sample 4 

LR 725.03 725.26 119.86 0.242 63.4 66.8 

GWLR 639.80 646.26 89.82 0.338 77.36 71.9 

Sample 5 

LR 712.71 712.80 108.84 0.254 67.6 62.0 

GWLR 608.60 611.42 90.42 0.378 79.6 67.0 

Complete 

sample 

LR 1194.80 1194.86 193.05 0.299 68.9 

GWLR 1043.80 1044.34 167.66 0.337 73.9 

 30 

 31 
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Appendix Tables 1 

 2 

Table A1. Coefficient estimates of the all variables test from LR and GWLR models 3 

Model Statistics βIntercept βDis_railway βDis_river βDis_road βDis_sett βForest_type βSlope βAspect βElev βCGDP βFunding βLNS βFireline βVeg_cover 

LR Estimate 3.4763 -0.0064 -0.0121 -0.0179 0.0071 -0.1638 0.0400 -2.2540 -0.0038 0.00012 0.00030 -0.0199 -0.00023 -0.3423 

 Standard deviation (s.d.) 0.6753 0.0041 0.0913 0.0151 0.0051 0.7578 0.0220 4.0006 0.0005 0.00003 0.00017 0.0034 0.00006 0.4258 

 Estimate -1 s.d. 2.8010 -0.0105 -0.1034 -0.0329 0.0020 -0.9216 0.0181 -6.2545 -0.0043 0.00009 0.00013 -0.0233 -0.00030 -0.7681 

 Estimate +1 s.d. 4.1516 -0.0023 0.0792 -0.0028 0.0122 0.5941 0.0620 1.7466 -0.0032 0.00015 0.00047 -0.0165 -0.00017 0.0834 

GWLR Minimum 0.6195 -0.0251 -0.1081 -0.0524 0.0033 -0.0482 0.0174 -10.3828 -0.0053 0.00007 0.00002 -0.0225 -0.00044 -1.4495 

 25% quartile 2.2786 -0.0185 -0.0653 -0.0386 0.0068 0.1901 0.0349 -7.0371 -0.0045 0.00010 0.00016 -0.0204 -0.00035 -0.7495 

 Mean 3.3931 -0.0117 -0.0072 -0.0250 0.0091 0.3779 0.0399 -3.5474 -0.0037 0.00012 0.00029 -0.0184 -0.00027 -0.1432 

 Median 3.7563 -0.0151 -0.0303 -0.0274 0.0090 0.3277 0.0400 -2.9585 -0.0038 0.00012 0.00026 -0.0180 -0.00026 -0.0202 

 75% quartile 4.5201 -0.0042 0.0494 -0.0177 0.0114 0.5285 0.0483 -0.1119 -0.0030 0.00014 0.00042 -0.0169 -0.00019 0.5212 

 Maximum 5.4462 0.0039 0.1289 0.0167 0.0160 1.2734 0.0560 2.1111 -0.0020 0.00015 0.00055 -0.0134 -0.00014 0.8459 
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Table A2. Comparison of LR and GWLR models with all variables 

Data Model AIC AICc SSE Cut-off 

Prediction accuracy (%) 

Training data 

(60%) 

Validation data 

(40%) 

Sample 1 
LR 705.67 706.32 113.83 0.279 67.4 68.2 

GWLR 623.56 627.96 87.93 0.327 78.4 70.0 

Sample 2 
LR 720.70 721.36 116.98 0.288 69.1 69.3 

GWLR 642.43 646.15 93.71 0.342 76.6 72.5 

Sample 3 
LR 686.29 686.95 109.27 0.281 71.1 66.7 

GWLR 626.05 629.22 91.15 0.343 78.6 71.9 

Sample 4 
LR 728.93 729.58 118.11 0.270 65.9 72.2 

GWLR 653.91 659.93 92.39 0.242 70.7 58.6 

Sample 5 
LR 666.25 666.91 106.04 0.300 72.0 65.8 

GWLR 619.51 622.10 92.12 0.342 77.4 70.7 

Complete 

sample 

LR 1160.38 1160.77 189.84 0.281        67.8  

GWLR 1055.96 1057.80 162.90 0.348       75.4  
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Table A3. Coefficient estimates of variables from cross-validation of LR and GWLR models 

Model Statistics βIntercept βDis_railway β2-7 βElev βCGDP β10-11 βFireline βVeg_cover 

LR Estimate 3.2210  -0.00189  / -0.0035  / / -0.0002  -0.2584  

 

Standard deviation 

(s.d.) 

1.0280  0.00194  / 0.0005  / / 0.0001  0.1979  

 Estimate -1 s.d. 2.1931  -0.00383  / -0.0040  / / -0.0003  -0.4563  

 Estimate +1 s.d. 4.2490  0.00005  / -0.0031  / / -0.0002  -0.0605  

GWLR Minimum -0.7366  / / -0.0069  -0.00018  / -0.00067  / 

 25% quartile 1.1867  / / -0.0043  0.00001  / -0.00045  / 

 Mean 2.6304  / / -0.0028  0.00008  / -0.00033  / 

 Median 2.5722  / / -0.0031  0.00008  / -0.00031  / 

 75% quartile 3.9588  / / -0.0012  0.00018  / -0.00024  / 

 Maximum 6.6053  / / 0.0034  0.00024  / 0.00005  / 

Note: The corresponding coefficients for variables are β2: Distance to river; β3: Distance to road; β4: Distance to 

settlement; β5: Forest type; β6: Slope; β7: Aspect; β10: Funding; β11: Number of inspection stations. 
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Table A4. Comparison of LR and GWLR models based on cross-validation 

Data Model AIC AICc SSE Cut-off 

Prediction accuracy (%) 

Training data 

(60%) 

Validation data 

(40%) 

Sample 1 

LR 695.31 695.40 120.73 0.245 62.5 59.5 

GWLR 618.86 620.88 92.60 0.362 79.3 66.4 

Sample 2 

LR 708.73 708.82 124.24 0.250 62.0 62.9 

GWLR 644.88 645.81 100.94 0.346 75.5 73.2 

Sample 3 

LR 681.06 681.15 118.62 0.262 64.1 60.3 

GWLR 637.39 638.69 98.43 0.299 74.6 70.0 

Sample 4 

LR 722.49 722.58 126.29 0.270 62.6 65.4 

GWLR 668.82 670.28 104.08 0.321 72.5 68.9 

Sample 5 

LR 660.26 660.36 120.33 0.271 63.8 61.0 

GWLR 607.35 609.57 91.53 0.242 72.5 67.7 

Complete 

dataset 

LR 1153.77 1153.83 201.79 0.254 62.5 

GWLR 1040.49 1044.17 156.39 0.339 77.0 
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Appendix Figures 

 

Fig. A1. Regression coefficients for all explanatory variables in the GWLR model. Negative 

coefficients are mapped with cold colors (blue) and positive coefficients with warm colors (red). 
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Fig. A2. ROC Curves of the LR and GWLR models for five samples and the complete dataset (CS) 

with all variables. The upper curve (GWLR) has greater area under the curve (AUC) than that of LR, 

indicating GWLR has a relatively higher model fitting ability. AUC values of the respective sample are 

given in parenthesis. 
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Fig. A3. ROC Curves of the LR and GWLR models for five samples and the complete dataset (CS) 

based on cross-validation. The upper curve (GWLR) has greater area under the curve (AUC) than that 

of LR, indicating GWLR has a relatively higher model fitting ability. AUC values of the respective 

sample are given in parenthesis. 
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Fig. A4. The distribution of fire points and railway tracks in Daxing’an Mountains.  
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