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- Complex natural phenomenon 
 
- Impact on human communities  
(e.g., property) 
 
- Fire danger rating systems: measure  
potential for fires/impact on property 
 

Christmas fires , NSW, Australia. 7-Feb-2002 

Landsat 7 ETM+, RGB743 

Landsat 7 ETM+, RGB743 

Black Saturday fires, VIC, Australia. 16-Feb-2009 

Introduction: Fire danger assessment 



Numerical indices for easy interpretation 
 
 
USA  National Fire Danger Rating System  
Variables: weather, terrain and several fuel types 
 
Canada (Argentina, Spain and Malaysia)   
Fire Weather Index  
Variables: weather and fuel layers 
 
Australia  McArthur’s Fire danger Rating System 
Variables: weather and fuel type 
 
South Africa  Lowveld Model 
Variables: weather 

Introduction: Fire danger assessment 
 



Introduction: Fire danger assessment 
 

Process of impact of fire on assets is complex 
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Aims 

Develop a probabilistic framework for use as a fire danger rating 
system: 
 

a) Integrate a wider range of variables; 
 

b) Capture the probabilistic relationships between variables; 
 

c) Link their complex interactions to the probability of property 
loss; 
 
Moreover…. 
 
d) Spatially explicit (i.e., 10km) outputs at fine temporal 
resolution (i.e., daily) 

 
 



- 3.6 mill. ha 

- 5 mill. people 

- 3,300 + km of urban interface 

- Highly fire prone landscape (over 1mill. ha 
burnt over the last 12 years)  

- > 200 houses lost per decade 

Study area: Sydney Basin 



Approach 

…GIS input to, and output from BN (after Johnson et al., 2011) 



Approach 

Incorporate the complexities of spatial dimension 



Approach 

Statistical framework capable of analysing complex environmental 
relationships and capture the probabilistic relationship between 
variables 



Background: Bayesian belief network 

Parentless nodes 

Child node 

Links Conditional 
Probability Tables 

Based on Bayes Theorem 



Data and methods: BN model 
58 nodes 

22 parentless nodes (GIS-sourced) 
112 links 

5 submodels 



Data and methods: BN model 

Fuels model 



Data and methods: BN model 

Fire weather model 



Data and methods: BN model 

Ignition model 



Data and methods: BN model 

Travel to asset model 



Data and methods: GIS data 

GIS layers required to provide 
all input variables (i.e., 
parentless nodes) of BN with 
spatially explicit information 



Static 

Data and methods: GIS data 

Dynamic 

Topography, fuel types, 
powerline distribution 

Highly (i.e.,Daily) Moderately (e.g., Seasonal) 

Precipitation, 
temperature, wind  

Time since fire, fire 
frequency, long term rainfall 



Data and methods: GIS data 

Road network Euclidean Distance 

From raw GIS data to spatially explicit measurements of the states of all input 
variables (i.e., parentless nodes)   

Distance to Road 
‘States’ 

For each variable, pixel 
values represent unique 
states 



Data and methods: GIS data 
From raw GIS data to spatially explicit measurements of the states of all input 
variables (i.e., parentless nodes)   

Distance to closest 
‘wildland/urban’ 
interface  across 360° at 
1km resolution 

Distribution of 6 distance 
classes (i.e., <1km, 1-
2.5Km, 2.5-5Km, 5-10Km, 
10-20Km, >20Km) across 
8 direction classes (i.e., 
N, NE, E, SE, S, SW, W, 
NW) at 1km resolution 



Data and methods: GIS and BN integration 

10Km units......but not 
necessarily!!  



Data and methods: GIS and BN integration 

Automatic procedure (Python) to calculate and 
extract the % cover of each ‘state’ from all GIS 
variables (i.e., parentless nodes) within each unit.... 

Unit #345 

....and save it as ‘states 
distribution’ for that unit  



Data and methods: GIS and BN integration 

….to account for temporally dynamic data (e.g., weather) 

One input file for each time-step of analysis (i.e., day)….. 



- BN applied to each unit (i.e., row in the input file) in a totally automated fashion 
(Netica API in Java) 
- For each run, “spatial” evidences are assigned to the states of all input variables 
(i.e., parentless nodes) and propagated through the BN to predict the probability of 
unsuppressable fire of that specific unit 

Data and methods: GIS and BN integration 



The probability of unsuppressable fires of each unit 
is finally saved to a geo-referenced GRID which can 
be accessed, displayed and analysed in GIS 
environment 

Data and methods: GIS and BN integration 

Processing speed: 62 seconds for 1144 simulations 
(tested on Intel(R) Core(TM)2 Duo CPU, 2.66GHz, 
3.23 GB RAM)  
 



Beta-level model  Testing, calibration, sensitivity analysis, etc 

Preliminary testing 

- 24/25 December 2001 
- Over 500,000 ha burnt 
- Several properties burnt/lost 



Preliminary testing 



1) Extensive testing to validate, calibrate and refine the BN using data from 
different regions in south-eastern Australia 
 

2)  Implement unit-to-unit propagation approach 

What’s next? 



THANK YOU 


