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In Association withModelling Wildfire Damage Potential
Leveraging Multispectral Imagery and Geospatial Analyses to model 

vegetative fuel properties and wildfire propagation risk.
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Adapted from term Capstone Project with partner Liam Baalim, 2021.

With the gradual but persistent move toward warmer and dryer environmental conditions at present, 

Wildfires pose increasingly higher risk to both natural habitats and urban infrastructure.  With their

communities to prevent damage.  However, by deconstructing how and why fires spread in natural 

settings, one may identify areas of higher risk to apply preventative treatments, or areas to avoid 

during future development.  One of the most crucial factors in fire propagation is the presence of fuel, 

and in rural areas, vegetation serves as the main source of fuel.  Through the use of high-resolution

unpredictable sources and propagation trends, it is extremely difficult to build resilience among

METHODOLOGY

satellite imagery captured by the Landsat 8 platform, vegetative fuel properties can be modelled 

using spectral band indices and classification methods.  The study area chosen is located in 

Southwestern Alberta for its diverse geography and recent fire activity.

Four distinct fuel properties were modelled from Landsat 8 Imagery:  Normalized Difference Moisture 

Index (NDMI) represents moisture content in plants, dictating fuel combustibility. Normalized Difference 

Vegetation Index (NDVI) represents seasonal growth and the availability of fuel. 

Image classification provided from open-data GeoDiscover categorizes 

various vegetation coverage to represent fuel height and density. 

Land Surface Temperature (LST) indicates the overall

dryness of the surface. 

The workflow on the right displays band manipulation 

to produce the four surfaces shown below. Landsat 8 

imagery was downloaded from the USGS EarthExplorer 

and the entire workflow was done in ArcGIS Desktop, 

leveraging its powerful visualization and geoprocessing 

technology. The following four maps represent each 

fuel property across the study area.

F I RE  R I SK  SURFA CE
The four surfaces were combined together using a weighted sum calculation:

𝐹𝑖𝑟𝑒 𝑅𝑖𝑠𝑘 𝑆𝑢𝑟𝑓𝑎𝑐𝑒 = 𝐿𝑎𝑛𝑑𝐶𝑜𝑣𝑒𝑟 ∗ (0.5𝑁𝐷𝑉𝐼 − 0.25𝑁𝐷𝑀𝐼 + 0.25𝐿𝑆𝑇)

Land Cover was considered to be the most effective factor in fire spread

and was multiplied by current conditions represented by NDVI, NDMI, 

and LST.  The result is a raster surface with cell values ranging

from 0.5 (low fire risk) to 2.0 (high fire risk).  Take a moment

to compare specific areas with the four maps above to identify

the driving factor.  Deciduous forests are identified in the NDMI 

map as higher values, lowering the fire risk due to heavy moisture

content.  Other areas appear to be stressed from high surficial 

Temperatures, raising risk of fire damage.  In the southwestern

edge near Waterton Park, conditions are extremely dangerous and

exacerbated by the presence of steep valleys and water barriers.

In fact, this area suffered from a devastating wildfire in September

2017 and the fire extents are shown in the cut-out below:

The Kenow Fire of 2017 was ignited by a lightning strike just west of the Alberta-BC border.  The fire 

spread quickly through dense dry forests within narrow valley corridors.  Once it reached the foothills, 

wind gusts carried northeastward through grasslands before falling under control.  Because the land 

cover data used in this model is from 2016, one can identify how and why this area was such high risk 

and verify the accuracy of the model. 

By using some of the many geoprocessing tools in ArcGIS Desktop, the raster surface 

data can be spatially joined to any form of infrastructure that contains a location by 

first converting to vector data.  To exemplify this, electrical utility poles were used as
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the joining feature class.  In the cut-out below, electrical utility poles have 

been assigned a fire risk index based on their locations, and are plotted 

against true-color satellite imagery.  Poles that are surrounded by dense dry 

forests are at risk of damage, while poles situated along grassy trenches 

and clear-cuts are at lower risk.

The Fire Risk Surface can be used to identify risky areas for future 

development, building resilience among businesses and 

communities.  The model can also be updated seasonally with the 

most current conditions.
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A UTOMAT ION
ArcGIS Desktop ModelBuilder was used to manage the numerous raster calculations 

and processes required in this workflow, improving accuracy and quality of the 

results.  In addition, with the ability to update seasonally or apply the workflow to 

other areas of interest, a custom tool was created using Python scripting and user 

input parameters.  The result is a streamlined, highly consistent model with 

transparent customizability.

L I M I TAT IONS
The Land Cover data represents a very important part of fire dynamics and as such, 

should be explored more using Supervised Classification methods.  In addition, pan 

sharpening the Landsat 8 Imagery would provide 2x higher resolution to model 

local variations in fuel properties.  Lastly, a deeper understanding of the relationship 

between each factor presented would create a more informed weighted sum 

calculation.

CONCLUS I ONS
While unpredictable in nature, Wildfires can be better understood using multi-

spectral image analysis to explore various fire-propagating factors. Esri software 

provides very powerful means of addressing the risk associated with extreme 

weather and the geospatial and geographical factors that lead to potential 

damage.  Leveraging these tools will create better business and community 

awareness.  

This project was adapted from my term Capstone project, a joint effort made by myself and my partner Liam Baalim and sponsored by FortisAlberta and SAIT 

Polytechnic  (Calgary, Alberta).  The full project employed geoprocessing techniques to model the dynamic behaviour of wildfires to assess Realtime damage potential 

and mitigation approaches. 
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