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Executive Summary

Water in Colorado predominately comes from high-elevation forested watersheds that are facing an ever
increasing threat from wildfire and anthropogenic pressure. When wildfires occur, there is a high
likelihood of impaired water quality (excess Nitrogen, Carbon and Phosphorous), high sediment loads,
increased stream temperatures, and suspended ash particles to transport to either the water intakes or a
water storage reservoirs. This can have a detrimental effect on aquatic habitat and fisheries. Determining
which upland watersheds have the highest likelihood from a sediment export and water quality
perspective, can give water providers and land managers an opportunity to understand the benefit of fuel
treatments verses expected increases in sediment and water quality degradation. To combat this high
erosion risk, the USDA Forest Service and other land management agencies have initiated fuel reduction
programs, but the areas needing treatment far exceed the available funding (Sampson ef al. 2000).
Hence, there is a need to assess and compare the relative priority for fuel reduction treatments on a
spatially explicit basis for sensitive watersheds such as source areas for municipal drinking water
supplies. In order to meet the needs for fuel planning from a watershed perspective we have developed a
spatially explicit erosion risk map for upland forested watersheds in the forests of Colorado.

The three main tasks accomplished were:

1) Predicting potential post-fire severity for the forests and rangelands of Colorado. We used an
online modeling tool (https://apps.mtri.org/burnsev/get), which leverages historical soil burn
severity maps, fire behavior modeling, terrain indices and machine learning to predict potential
post-fire soil burn severity (Fig 1). Predicting post-fire erosion before a wildfire occurs is
difficult, this model currently has an overall accuracy of 50%.

2) Predictions of potential post-fire erosion were created using the WEPP Watershed model (Fig 2).
Inputs were created from the forecasted soil burn severity using the Rapid Response Erosion
Database (RRED; http://rred.mtri.org/rred/, Miller et al. 2016). RRED rapidly generates properly
formatted inputs for the Water Erosion Prediction Project (WEPP) model. WEPP is a physically-
based soil erosion model developed by an interagency team of scientists to model erosion and
runoff from hillslopes and small watersheds (Laflen et al. 1997, Elliot 2004).

3) Potential post-fire erosion predictions for the state of Colorado are available for viewing and
downloading on an online interface: https://apps2.mtri.org/erosion.
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Figure 1. Predicted burn severity for the state of Colorado.

Burnsev is an online burn severity model created at Michigan Tech Research Institute to forecast burn
severity in the continental US, https://apps.mtri.org/burnsev/get. Users select historical fires for an Area
of Interest, the model interface then uses the fire behavior model FlamMap, FIRESEV data layers,
historical fire data and the machine learning algorithm Random Forests to create a prediction of
potential burn severity. We found that overall accuracy of predictions were highest if users select
historical training fires from a collections of soil burn severity maps. Average accuracy of a collection
of ten case fire was 50% using soil burn severity (SBS) maps for training. The original burn severity
model has been updated from 62 to 352 SBS fires and is currently being improved upon with new data
layers.
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Figure 2. Predicted post-fire erosion for the state of Colorado.

Models

We used multiple models and tools to predict soil burn severity and post-fire erosion risk for the state of
Colorado (Fig 3). The first step in the modeling process was to forecast potential burn severity using the
BurnSev tool (Fig 4). This online model was created by combining Random Forest, FIRESEV
modeling inputs and FlamMap, a fire behavior model. The soil burn severity predictions were then
uploaded into the Rapid Response Erosion Database (RRED, Miller et al., 2016) to create spatial model
inputs for WEPP, the Water Erosion Prediction Project. The primary inputs for WEPP include a digital
elevation model (DEM), climate data, soil maps, and land cover/land management information. Climate
files were created using a stochastic weather generator Cligen (Nicks et al. 1995). To model
mountainous terrain the climate files were adjusted using Rock:Clime which modifies monthly
precipitation for a selected climate station based on elevation and PRISM data (Parameter-elevation
Regressions on Independent Slopes Model, Daly et al. 2004). In order to predict average first year post-
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fire erosion rates a 50 year climate was used with soils and land cover kept at first year conditions. The
final map is in units of Mg ha'! yr'!; results were multiplied by 100 and converted to integer format to
reduce file size and allow for more rapid display.
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Figure 3. Modeling flowchart depicting FlamMap and WEPP inputs\outputs and coupling (Buckley et
al., 2014).

FlamMap

FlamMap is a spatial fire behavior model that uses land cover, topography, and fuel characteristics data
from the LANDFIRE database along with fuel moisture and weather data (Finney, 2006). The required
spatial inputs include elevation, slope, aspect, fuel model, canopy cover, canopy height, crown base
height, and crown bulk density (Stratton, 2006). Initial fuel moistures are required for each fuel type
and wind data are required as well. Wind information can be entered either as a spatial layer or as a
fixed constant to apply to all the raster cells. The basic fire behavior outputs include fireline intensity,
flame length, rate of spread, heat per unit area, and crown fire activity (Finney, 2006). Land managers
currently use FlamMap as a planning tool to predict the effectiveness of different fuel treatment
scenarios (Gercke and Stewart, 2006; Stratton, 2004). FlamMap model input and output are used in the
Burn Severity Prediction tool.

WEPP

The WEPP model is a process-based soil erosion model that has been developed by an interagency team
of scientists (Laflen et al., 1997). WEPP technology includes two versions, a hillslope version to
estimate the distribution of erosion on a hillslope, and a watershed version that links hillslopes with
channels and in-stream structures to estimate sediment delivery from small watersheds. The surface
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hydrology component of the WEPP model uses climate, soils, topography, and vegetation input files to
predict infiltration, runoff volume, and peak discharge for each simulated storm. WEPP then uses these
inputs and predictions to calculate both rill and interrill erosion as well as sediment deposition (Flanagan
and Nearing, 1995). Disturbed WEPP (Elliot, 2004) is an online interface for WEPP designed to
facilitate the use of WEPP in forested areas. Disturbed WEPP input files can be used to simulate a
variety of forest conditions and management scenarios, including the effects of fuel treatments and
wildfire (Soto and Diaz-Fierros, 1998; Larsen and MacDonald, 2007; Spigel and Robichaud, 2007).
Recent improvements to the WEPP model have been undertaken specifically to improve predictions of
water flow and sediment discharge from forested watersheds.

Random Forest

The machine learning algorithm, Random Forest, has been used to develop predictions of future high
burn severity by utilizing topographic indices, vegetation and climate data (Holden et al, 2009; Dillon et
al, 2011). Random Forests is an ensemble classifier consisting of multiple decision trees generated from
a random subset of training data and inputs (Breiman, 2001). Each tree is created from an independent
“bootstrap” sample consisting of two-thirds of the training data. Once the forest of decision trees is
created, an individual pixel’s classification is determined by which class receives the most “votes” from
each decision tree. The Fire Severity Mapping System project (FIRESEV) utilized Random Forests and
over 7,000 fires from the MTBS dataset to generate spatial gridded predictions of potential high severity
for the Western US (https://www.frames.gov/partner-sites/firesev/firesev-home/; Dillon et al. 2011).
FIRESEV provides predictions of the likelihood of a pixel burning at high severity by providing
information on the number of classification trees that predicted a pixel would burn at high severity.
Classification accuracies for the random forest algorithm used in FIRESEV ranged from 68-84% (Dillon
etal. 2011).

The strengths of the Random Forest algorithm include handling datasets with a small number of
observations and a large number of attributes, more powerful than a single classifier, well suited to
parallel processing, and insensitive to non-predictive inputs. Additionally, the algorithm can easily
handle missing attributes as a subset of the decision trees that were built without the use of the missing
attributes can be used to classify the compromised data. The main drawback to the algorithm is it is not
intuitive and the model is very sensitive to inaccurate training data (Liaw and Wiener, 2002).

BurnSev an Online Burn Severity Prediction Tool

Random Forests was built into a new online interface for forecasting burn severity using historical burn
severity maps https://apps.mtri.org/burnsev/get. The application predicts burn severity of a user-selected
area using both Random Forests and FlamMap. The interface requires the user to either enter spatial
coordinates or draw a bounding box rectangle on a web map, at which point the nearest MTBS and Soil
Burn Severity (SBS) maps are queried from the application's database. The user selects the fires they
wish to use in the analysis and the program will extract input layers for sets of low, medium, and high
burn severity pixels and use these to predict burn severity of the selected area. FlamMap model inputs
and outputs along with topographic indices from the FIRESEV project are used to create training data.
When we tested the programming interface for our new online tool on a set of ten test fires the resulting
accuracy was only 33%. When we selected only SBS maps for training the results were much better
with an average accuracy of 50%. The tool has been updated with additional SBS maps and the default
setting is set to use SBS maps.
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Figure 4. New online graphical user interface to allow land managers to predict potential burn severity
for their area of interest using historical burn severity maps and machine learning.
https://apps.mtri.org/burnsev/get.
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