
As climate change increases wildfire activity across Canada, further 
wildfire research is paramount for public safety. This project seeks to 
aid this task, by modelling the probability of human-caused wildfire 
ignition in south-eastern British Columbia. The model uses a logistic 
regression in ArcGIS software to determine the relationships 
between known wildfire causation factors identified by academic 
literature, and the locations of historical fires and unburned areas 
across the study area. An overall probability rating can subsequently 
be calculated to assess risk for human-caused wildfire occurrence 
across the study area.   
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Figure 1. The location of the Regional District of 
East Kootenay relative to BC 

The Regional District of East Kootenay (Figures 1 and 2) is 
located in the south-eastern corner of British Columbia and 
has a population of approximately 60,000 (RDEK, 2019). It is 
within both the Rocky and Columbia Mountains, and is heavily 
forested. There is significant variation in local climate, 
topography, and human infrastructure across the region, all of 
which impact human-caused wildfire activity. 

Figure 3. Regional District of East Kootenay with past 
human-caused wildfires, infrastructure, and major 
population centres.  

Figure 4. Slope calculated in degrees for the 
study area. This layer was used as the first 
variable in the logistic regression model.  

Figure 6. Average summer temperature, 
according to Biogeoclimatic Zone classified in 
MacKillop et al (2018) 

Table 1. Average summer temperature and precipitation 
values assigned to Biogeoclimatic Zone GIS layers, based 
on their climatic classification in MacKillop et al (2018). 

Figure  7. Average summer precipitation, 
according to Biogeoclimatic Zone classified in 
MacKillop et al (2018) 

Figure 2. Historical fires caused by humans in 
Regional District of East Kootenay, 1931-2018. 
This data was used as the dependent binary 
outcome variable in the logistic regression 

Figure 5. Aspect calculated in degrees for the 
study area 

Figure 12. A section of the script used in R to run the logistic 
regression model. The calculated coefficients are highlighted in blue.  

Figure 13. Overall probability for human-caused wildfires in the Regional District of 
Kootenay Boundary calculated by the logistic regression model.  

Regression Results 

In this logistic regression model, the 
presence or absence of past fires acts  

The logistic regression model combined the methods of Pew & Larsen (2001) 
and Goings (2015), where an equal number of points were selected to 
represent burned versus non-burned areas in the logistic regression. In this 
project, a fishnet was performed across the study area to systematically 
create sample points spaced apart every 500m. The values of the fire 
occurrence raster (Figure 2), as well as the six variable raster layers (Figures 4 
– 11) were extracted to form the attributes of the fishnet points. The points 
were then exported from ArcGIS to R, a statistical computing software, where 
the logistic regression was performed and the variable coefficients calculated 
(Figure 12). The script and formula used is as described in Figure 12 and Xi, 
Taylor, Woolford, & Dean (2019) (Equation 1) respectively.  

as a dependent binary variable; to test the relationship between the independent 
variables and fire probability. A comprehensive dataset of historical fires from 
 
 
1931 – 2018 was converted to raster format to represent burned and non-burned areas (Figure 2). Six factors recognized by literature as 
contributors to fire risk were chosen as independent variables. The first two were slope and aspect (Figures 4 and 5), representing the influence 
of topography on fire behaviour. Southern facing aspects, and steeper slopes are correlated with higher fire occurrences due to increased solar 
radiation and convective heating from downslope trees, respectively (Mustaphi & Pisaric, 2013) (Yakubu, Mireku-Gyimah, & Duker, 2015). These 
layers were derived from a digital elevation model with a cell size of 25.85 metres. This cell size was used for all the variables in the analysis. 
Next, two layers were created to represent climatic conditions causing wildfires. Weather is  considered by both researchers and wildfire 
management the key factor for wildfire ignition, as it controls ground fuel moisture (Wotton, 2009). Pew and Larsen (2001) established that BC’s 
Biogeoclimatic Zone ecosystem classification could be used to effectively proxy climate conditions across space in order to model fire conditions. 
For this project, that approach was used; classifications of average summer temperature and precipitation for each subzone were found in 
MacKillop, Ehman, Iverson, & McKenzie (2018), a report on biogeoclimatic zones in the East Kootenays (Table 1), and were assigned to their 
various records in a layer with zone boundaries. This layer was converted to two different raster layers, which would represent temperature and 
precipitation across the region in the analysis (Figures  6 and 7).  The last four variables investigate the link between human activity and human-
caused wildfires. Numerous studies have established a link between various types of infrastructure and human-caused wildfire activity (Pew & 
Larsen 2001) (Gralewicz, Nelson, & Wulder, 
2012). To represent this phenomenon, the 
method of Pew & Larsen (1998) was utilized, 
and Euclidean Distance away from roads, 
railways, and municipalities was calculated 
(Figures 8 – 11). Roads was  split into two 
different groups, named and unnamed roads, 
to investigate if there was any difference in 
effect between the two. 

The last step in this project was to generate a probability map of 
human-caused wildfire occurrence from the logistic regression 
(Figure 13). This was executed by multiplying the calculated 
coefficients to their specific layer, and using each layer as inputs  
to Equation 1. The coefficients multiplied by their specific variable 
represent the log-odds of the independent variables’ relationship to the binary dependent outcome variable (UCLA Statistical 
Consulting Group, 2019), and Equation 1 is a method to convert from the log-odds to probability. The output probability map has a 
range of values from 0-1 which can easily be understood and analyzed by fire managers, researchers, and residents. All variables in the 
model were found to be statistically significant beyond a confidence value of 0.05 (Figure 12). The highlighted text in Figure 12 
illustrates the coefficient values attached to each variable, which outlines the overall effect each has on fire risk. The variable group 
with the greatest combined influence on human-caused fire occurrence was distance from municipalities, railways, un-named roads, 
and roads. All of these had a negative relationship except municipalities. These variables, along with the moderate negative relationship 
of precipitation and the unexpected large negative relationship of slope resulted in the fire probability being  greatest in valley bottoms 
outside of municipalities. This is evident by the linear strips of high human-caused wildfire probability in Figure 13.  Variables with 
unexpected coefficient values included slope, average summer temperature, and distance from municipalities. Slope had a large 
negative relationship with human-caused wildfire occurrence, contradicting most literature. This is probably because most literature is 
referring to all or only lightning caused wildfires. In the case of this model, distance from human infrastructure has a much larger 
combined effect, and high slope values are away from that infrastructure. The negative relationship between summer average 
temperature and fire occurrence is odd and should be further examined; although, its impact on the probability map appears minor 
since high temperature regions still have the greatest fire risk (Figure 13). The positive coefficient value for municipality distance can be 
explained by the greater effort of fire suppression around large communities.  

Figure 8. Euclidean distance from named roads Figure 9. Euclidean distance from un-named roads 

Figure 10. Euclidean distance from railways Figure 11. Euclidean distance from municipalities 
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Equation 1.  The logit transformation, used to perform logistic regression analysis, and convert from log-
odds to probabilities. Formula is used by Xi et al (2019), and UCLA Statistical Consulting Group (2019). 
Figures 4 -11 represent  𝑥𝑘 , their coefficients 𝛽𝑘 , and the overall probability is represented by p 
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