
 1 

 

MULTI-SATELLITE OBSERVATIONS OF BUSHFIRE RISK 
Kaighin A. McColl, Dongryeol Ryu and Tuan Ngo 

Author affiliation: 
The University of Melbourne 

Parkville, Victoria 3010 
Ph: (03) 8344 7115 
Fax: (03) 8344 6215 

kmccoll@unimelb.edu.au 
dryu@unimelb.edu.au 

dtngo@unimelb.edu.au 
 

Abstract 
Fuel load and fuel moisture content are crucial parameters in estimating 
bushfire risk. However, current measures of these parameters are not spatially 
distributed within fire districts; the district-level indices are derived from point-
based estimates at sparsely located stations. In addition, they are based on 
meteorological inputs alone, rather than observations, and are the major 
sources of error in assessing bushfire risk. Remotely-sensed spectral indices 
can provide a direct, spatially-distributed estimate of fuel load and moisture 
content. In this study, we investigate timeseries of three remotely-sensed 
spectral indices  land-surface-temperature-to-air-temperature ratio (LST/Ta), 
crop water stress index (CWSI) and normalized difference vegetation index 
(NDVI) - in the period preceding the Black Saturday bushfires, and assess their 
ability to predict bushfire risk. We also consider timeseries of LST/Ta with LST 
derived from microwave observations (LSTTB/Ta). We find that, while timeseries 
of the existing method of measuring fuel load and moisture content are noisy 
and regularly overpredict bushfire risk, the remotely-sensed indices all display 
clear seasonal behaviour, with distinct changes immediately prior to Black 
Saturday suggesting fuel load increased and fuel moisture content decreased. 
These changes were not evident in a control timeseries for a low-risk bushfire 
season. LSTTB/Ta, while noisier than the LST/Ta timeseries, replicates the 
general behaviour of the LST/Ta series and is found to be a useful tool for 
estimating fuel moisture content in cloudy or smoky conditions. 
Introduction 
Accurate forecasts of bushfire danger are essential in efficiently allocating 
firefighting resources and warning communities. Bushfire risk is currently 
measured using a Fire Danger Rating (FDR), which is set based on a calculated 
Fire Danger Index (FDI) (McArthur 1966, 1967). Depending on the dominant 
landcover type, the FDI can be named the Grassland Fire Danger Index (GFDI) 
or the Forest Fire Danger Index (FFDI). In case the dominant landcover type is 
unclear, both GFDI and FFDI are calculated and the greater value is used as 
the FDI. Both GFDI and FFDI require maximum dry-bulb temperature, 
maximum wind speed and minimum humidity as inputs. They also attempt to 
account for fuel load and fuel moisture content. The GFDI takes fuel load and 
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grass curing as inputs, which are typically taken as assumed constants or 
occasionally estimated from limited field samples. The FFDI attempts to include 
fuel properties using a term called the drought factor (DF), which is calculated 
from meteorological inputs alone. 
The current method for calculating bushfire risk has several weaknesses. First, 
it is not spatially distributed. FDRs are calculated for nine fire districts using just 
25 stations across Victoria, meaning the spatial average is particularly sensitive 
to anomalous point measurements. Second, it rarely (if ever) includes direct 
measurements of fuel moisture content or fuel load, instead simulating these 
values based on meteorological inputs or assuming constant values. 
Remote sensing techniques offer potential to obtain spatially distributed 
observations of fuel moisture content and fuel load. Various studies have 
sought correlations between remote sensing indices and bushfire risk (e.g., 
Bartsch et al. 2009, Turner et al. 2009), but few have explicitly evaluated time-
series of spectral indices in the lead-up to bushfires (Couturier et al. 2001). In 
this study, we explore time-series of four remotely-sensed indices, and assess 
their potential for mapping fuel moisture content and fuel load. Investigating 
correlations between existing methods of calculating bushfire risk and remote 
sensing methods assumes that the existing methods can produce a reasonably 
accurate measure of bushfire risk. Studying the time-series themselves can 
reveal insights about their seasonal behaviour, extreme values and, crucially, 
behaviour in the days, weeks, months and years leading up to a bushfire. 

Method 
Study site 
The Black Saturday bushfires, which started around Victoria on February 7, 

an extended heat wave and fanned by 100 km/h winds, the fires killed 173 
people, destroyed over 2000 houses and burned more than 4,500 km2 of land. 
The study site (Figure 1) includes the areas worst affected by the Black 
Saturday bushfires. Areas which burned on Black Saturday were identified, and 
time-series of four spectral indices were constructed for these areas leading up 
to the bushfires (02/06/2007  07/02/2009). As a control, the same time-series 
were constructed for the same areas in the lead-up to the 2004-05 bushfire 
season (02/06/2003  07/02/2005), a relatively mild season in which none of the 
study area burned.  
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Figure 1: Map of study region, showing pixels that burned on February 7, 2009 

(black dots) and nearby towns (red circles). 

Burned areas were identified using the Moderate Resolution Imaging 
Spectroradiometer (MODIS) Burned Area Product (500 m, daily resolution) from 
the University of Maryland (http://modis-
fire.umd.edu/Burned_Area_Products.html). Rather than inferring burned area 
from remotely sensed detection of active bushfires, it directly maps burned 
areas using a change-detection algorithm to locate sudden changes in surface 
reflectance associated with bushfires (Roy et al. 2008). For pixels inside the 
study region which burned on Black Saturday (102  1-km-by-1-km pixels in 
total), time-series of four spectral indices leading up to the bushfires were 
constructed (each index is described under its own heading below in more 
detail). Time-series of the current index used for representing fuel moisture 
content, the drought factor, were also constructed. In all cases, spectral indices 
were regridded to 1-km resolution to allow comparison. 
Drought factor 
The drought factor is used in calculating FFDI. It is a measure of the fuel 
available for combustion (i.e., dry fuel moisture content), and is given by 
 , ... (1)  

where 
 , ... (2)  

where 
 

, 
... (3)  

and 
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... (4)  

where, for rainfall events (defined as a series of consecutive days with rainfall 
exceeding 2 mm each day) occurring in the previous 20 days, P is the amount 
of rain (mm) that fell in that event and N is the time since the day of peak rainfall 
within that event (days) (Finkele et al. 2006). SMD is the soil moisture deficit 
(mm), estimated from the Keetch-Byram Drought Index (KBDI) using the 
Griffiths (1999) method where, for timestep n 
 , ... (5)  

where Peff is effective rainfall (mm), the difference of actual rainfall and 
interception. Interception is approximated as the first 5 mm of rain for any series 
of consecutive days of non-zero rainfall. Evapotranspiration is calculated using 
 , ... (6)  

where Tmax is maximum temperature ( C) and Rannual is mean annual rainfall 
(mm). We set Rannual to 637.2 mm, the mean annual rainfall for the rainfall 
station closest to our study site (Kilmore Gap). KBDI is constrained to be 
between 0 and 200 mm. 
In the northern hemisphere, KBDI is initialized during periods where soil 
moisture is high, which reliably occur in early spring when snow melts. In 
Australia, however, there are hardly any such reliable periods, and there is no 
clear process for initializing KBDI. The Bureau of Meteorology (BoM), who 
generate the FDI forecasts, use a spin-up period of approximately 3 months and 
sometimes make empirical adjustments (Graham Mills, BoM, pers. comm.) 
Since there is no consensus process for initializing KBDI in Australia, in this 
study, we assumed an initial soil moisture deficit of 30 mm. While this 
assumption means our KBDI 
to be qualitatively similar when the spin-up process is run for a long period.  
Land-surface temperature/air temperature ratio (LST/Ta) 
The land surface temperature (LST) is, in part, regulated by the moisture 
content of the surface (i.e., the upper soil layers, or litter layers). In dry 
environments like Australia, evaporation is water-limited, so evaporative cooling 
will increase with moisture content. The ratio of LST to the air temperature (Ta) 
can give an indication of the moisture content of the surface layer. Afternoon 
land surface temperature (LST) measurements from the MODIS Aqua satellite 
are used (1-km, daily). Gridded (1-km, daily) air temperature data (Ta) are 
derived from the Australian Water Availability Project (AWAP) gridded air 
temperature data (http://www.bom.gov.au/jsp/awap/temp/index.jsp).  The 
AWAP temperature data, which are interpolated from station measurements, 
are originally gridded at 5-km resolution; it is downscaled to 1-km resolution in 
this work simply by dividing a 5 km-by-5 km grid cell into 25 uniform 1 km-by-1 
km grid cells. 
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Normalized Difference Vegetation Index (NDVI) 
Vegetation growth poses an important influence on future bushfire severity. 
Australian fires often follow periods of above-average rainfall, with additional 
vegetation growth eventually drying out and increasing fuel supplies for fires in 
the following 1-2 (Turner et al. 2009). The Normalized Difference Vegetation 
Index (NDVI) is a measure of vegetation greenness, rather than moisture 
content, and thus it is not an ideal parameter for predicting fuel moisture content 
(Ceccato et al. 2001). However, it has shown value in predicting fuel loads 
when multi-year time-series of NDVI are carefully analyzed (Leblon 2005). 
Afternoon NDVI measurements from the MODIS Aqua satellite are used (250 
m, monthly) to measure vegetation content at the study site. 
Crop water stress index (CWSI) 
The Crop Water Stress Index (CWSI) is a simple measure of plant water stress, 
based on the difference between canopy temperature (Tc) and air temperature. 
The canopy of a fully transpiring plant will be several degrees cooler than the 
surrounding air temperature; for a water-stressed plant, the difference in 
temperatures will be reduced, and canopy temperature may even be higher 
(Jackson et al. 1981). CWSI is calculated using 
 , ... (7)  

where (Tc  Ta)ll and (Tc  Ta)ul are lower- and upper-bounds on the difference 
between canopy temperature and air temperature, respectively. For this study, 
Tc was approximated by the MODIS LST observations described above. The 
upper- and lower-bounds of temperature difference were calculated separately 
for each pixel, using the maximum and minimum differences, respectively, for 
that pixel over the study period.  
Microwave LST observations 
Low-frequency microwave satellite observations are unaffected by smoky or 
cloudy conditions, unlike the spectral bands in the visible and infrared ranges 
used for the indices described in the previous sections. Holmes et al. (2009) 
found a strong correlation between vertically-polarized brightness temperature 
at 37 GHz (TB,37V) and LST over vegetated areas at global scales. While several 
studies have used microwave radar data in mapping fuel moisture content 
(Couturier et al. 2001, Abbott et al. 2007) due t
physical relationship to moisture content, none appear to have exploited the 
relationship between TB,37V and LST. In this study, for each pixel, a linear 
regression relationship was derived between MODIS LST observations and 
TB,37V observations (1-km, daily) from the Advanced Microwave Scanning 
Radiometer  Earth Observing System (AMSR-E) satellite. Relationships with a 
false negative slope or correlation coefficient below 0.70 were not used. The 
remaining relationships were then used to generate LST estimates from 
microwave observations alone (LSTTB). 
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Results and Discussion 

 
Figure 2: Timeseries of average bushfire risk indices leading up to the Black 
Saturday bushfires (right column). Equivalent series are shown in the period 

leading up to the equivalent date during the 2004/2005 bushfire season, when no 
fires occurred in the study region (left column). Grey shaded areas represent the 

set of values one standard deviation from the mean. 

For both bushfire seasons, the DF regularly saturates at the upper bound of its 
range. Differences between seasons are hard to distinguish. In comparison, the 
spectral indices all display cyclic seasonal behaviour. It is clear from both 
timeseries that the DF consistently over-predicts bushfire risk. While this can be 
a conservative measure of risk reducing the likelihood of the worst-case 
scenario (i.e., failing to predict a bushfire), it may result in an increased false 
alarm ratio, which is highly disruptive to local communities when an evacuation 
decision is made based on a false alarm. It also reduces the chances of 
distinguishing high-risk conditions from catastrophic conditions. For example, 
the extremely high FDI on Black Saturday was due to the extreme 
meteorological conditions; in terms of the DF, it was indistinguishable from 
many other summer days. 
The sum of NDVI and the mean, minimum and maximum NDVI values are all 
higher for the 2004/2005 season, but in each case, the difference between the 
two seasons is insignificant. However, this is consistent with a higher rate of 
vegetation desiccation, and therefore fuel generation, in the lead up to the 
2008/2009 season. Further, over both timeseries, NDVI reaches a minimum 
immediately prior to Black Saturday. 
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LST/Ta is more variable leading into the 2008/2009 bushfire season, with a 
higher average value and larger cumulative value, suggesting soil moisture in 
these areas was reduced. Negative soil moisture anomalies are known to be a 
contributor to bushfire risk in south-eastern Australia (Cai et al. 2009). LSTTB/Ta 
is noisy, but appears to capture the peaks and troughs of the 2008/2009 
timeseries, although this is less evident in the 2004/2005 series. The benefits of 
LSTTB/Ta over LST/Ta are highlighted in Figure 2, where the LSTTB observations 
show a good spatial correspondence with MODIS LST observations, without 
being limited by cloud- or smoke-cover. 
The CWSI rises steadily in the 100 days prior to the Black Saturday bushfires 
but not prior to the same period over the 2004/2005 season. The sum of CWSI 
is higher for the 2004/2005 bushfire season, as are the mean and minimum 
values. However, the maximum value is higher for the 2008/2009 season and, 
leading into the 2004/2005 season, the periods of high CWSI are broken. In this 
case, it appears that duration of uninterrupted high-CWSI periods may be 
important in predicting bushfire risk.  

 
Figure 3: Typical LST (K) observation over the study region from MODIS (top) 
and as calculated from AMSR-E TB,37V (bottom). Cloud has been removed from 

the MODIS image, but this is not a problem for low-frequency microwave 
observations.  

Conclusions 
In this study, we have investigated potential improvements to existing methods 
of measuring bushfire risk. Current methods are not spatially distributed and 
rarely, if ever, include accurate observations of fuel moisture content or fuel 
load. We have investigated the behaviour of time-series of four spectral indices 
in the period leading up to the Black Saturday bushfires. Similar analyses were 
conducted for a relatively mild bushfire season as a control. We found that the 
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existing method for accounting for fuel moisture content frequently over-predicts 
bushfire danger. In the lead-up to the Black Saturday bushfires, compared to 
the milder season, NDVI values decreased and reached a minimum 
immediately prior to Black Saturday, suggesting fuel loads increased; LST/Ta 
increased, possibly reflecting negative soil moisture anomalies; and the CWSI 
increased immediately prior to the fire, with the number of days above a 
threshold potentially an indicator of bushfire risk. The use of microwave 
observations to estimate LST, while noisier than MODIS observations, was 
shown to be useful when calibrated to a particular area, with the added benefit 
of sensing LST through cloud- or smoke-cover. 
Remote sensing techniques alone are unlikely to entirely replace existing fire 
danger rating systems. Variables such as wind speed will always require ground 
measurements. However, integrating these remotely-sensed parameters into 
conventional ground-based measures shows promise for improving FDRs. 
Follow-up studies will seek to combine functions of CWSI and LST/Ta to 
develop a more sophisticated drought factor, which would be both spatially 
distributed and more accurate, particularly during high-risk periods. 
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