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. Extent and frequency of wildland fires in the western United States have increased with recent climate changes (Littell et al. 2009; K ) > 3 . Higher percent vegetation cover on steeper-northern aspects of cold forests had the greatest impact on changes of dNBR (Figure 4)
Spracklen et al. 2009) : ¥y » Holden et al. (2009) found similar influences of cold-wet-north facing slopes for the Gila Wilderness of the southwest
. ngh severity fires consume Iarge amounts of vegetation (Keeley 2009) and have Iong-term ecological effects (Holden et al. 2009; Lentile j v ... . Air (RH) and fuel (Duﬂ: and Fine Fuel) moistures as measured by da||y weather and climate predictgrs also influence dNBR
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et al. 2007) STATE Q . Due to moisture of extinction these may limit smoldering combustion (Ferguson 2002) which has a large influence on burn
. Burn severity is the degree of ecological change one year post fire (Lentile et al. 2006) 7 & 5 severity (Sackett et al. 1993)
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. Burn severity varies even when large areas (105- 5200 ha) burn in a day (Birch et al. 2013) which may be due to variations in topography . Wind is not a large part of burn severity, though it influences fire intensity and spread (Bessie and Johnson 1995)

and vegetation . Dillon et al. (2011) found similar results

. Differenced Normalized Burn Ratio (dNBR) can be used to infer burn severity in forested ecosystems (Hudak et al. 2007) despite . Local “bottom-up” factors, including vegetation and topography, have more influence on burn severity than climate and weather even

limitations (Roy et al. 2006) when large area burns in a day

. Multiple environmental factors may interact to produce burn severity (Schoennagel et al. 2004; Dillon et al. 2011) . Limitations: Different scales of environmental variables

| . Future Work:
We expand on the work of Dillon et al. (2011) by examining how climate, weather, vegetation, and topography influence burn severity. Us- 7

ing daily fire IR perimeter maps we know what areas of 42 large forest fires of central Idaho and western Montana burned on given days. - Use a Model Improvement Ratio (MRI) to better select fewer predictor variables

Using this information we are able to test how daily weather, including winds, and other factors influence dNBR. We expect local “bottom- . Examine weather that occurs multiple days before specific areas burned

up’’ factors to be more important than “top-down” influences on burn severity as hypothesized by Dillon et al. (2011). . Use similar approach for non-forested areas, as predictor variables likely differ

Question Value of this work

. Use of fire progression mapping to better model fire growth using daily weather information

How do environmental factors, such as topography, fuels, climate, and daily weather,
influence burn severity in forested systems?

. Fire perimeter maps are regularly obtained for firefighting operations but seldom used in research; with them we know when areas
burned

e HI i 8t SO . Accuracy has not yet been established. We used a 30 m buffer to try to guarantee the area burned on a specific day
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METHODS

Figure 1. 42 fires from central I[daho and western Montana, 2005, 2006, 2007, and 2011. Fires selected
based on availability of burn severity mapping and daily infrared perimeter maps. Total area burned: 532,000 ha.

Study Area

. Central Idaho and western Montana, 2005 to 2007, 2011

RESULTS

. Fires with both 5 consecutive days of Infrared (IR) perimeter mapping data and burn severity (ANBR) mapped by Bremen, L. 2001. Random forests. Machine Learning 45: 5-32.

the Monitoring Trends in Burn Severity project (l\/\TBS) Dillon, G.K., Z.A. Holden, P. Morgan, M.A. Crimins, E.K. Heyerdahl, and L.H. Charles. 2011. Both topography and climate affected forest and wood
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Figure 4. Partial Dependence Plots
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. . . Figure 3. Importance ranking for 20 predictors of burn severity as measured by S 4
- Importance rankings of predictor variables based on MSE percent increase of Mean-Square-Error for optimum Random Forest model. e

. Partial dependence plots

. Show how values of each predictor variable influence burn severity




