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1.

INTRODUCTION

Forest fires have been shown to significantly impact stream flows through multidimensional
effects to watersheds. Changes to soil and vegetation influence a large range of hydrologic
processes, such as interception, infiltration, evapotranspiration (Bladon et al. 2014).
Southwestern forests have a long history of high frequency, low intensity forest fires which have
selected for a range of adaptive traits (Savage and Mast 2005). Adaptations to this fire regime
promote the resilience of mature individuals to low intensity surface fires, as is exemplified by
the ponderosa pines’ thick bark and lifted crowns. This contrasts with adaptions to high intensity
ladder or crown fires with higher mortality. Even after being top-killed, the resprouting ability of
Madrean oaks and aspen allows for the rapid capture of post-fire environments (Falk 2013).
Vegetation recovery following fire can be taken as a classic example of ecological succession, a
process whereby, “a plant or animal community successively gives way to another until a stable
climax is reached” (Lloret and Zedler 2009; Wine et al. 2018). If the climate and fire regime
follow typical patterns, then it can be expected that vegetation will eventually recover to its prefire composition. If vegetation fails to recover to its pre-fire state long term, then it has
undergone conversion. Fire-driven conversion is a two-step process: it is initiated by high
intensity fire removing climax vegetation and then followed by inhibition of vegetation recovery
mechanisms (Coop et al. 2020).
Fire suppression, anthropogenic effects and climate effects have significantly altered fire regimes
in southwestern forests and have kindled a regional surge of high intensity fires (Barton and
Poulos 2018). The effects of this new fire regime have likely been exacerbated by concurrent
drought, (Barton and Poulos 2018) and may continue to be exacerbated by forecasted climate
change (O’Connor et al. 2020). The overlap of fire regime changes and negative environmental
factors could make previously resilient vegetation such as the ponderosa pine vulnerable to
permanent conversion to vegetation better adapted to the new conditions. The forested Sky
Islands of Arizona may be prone to vegetation conversion such as this, as observed post-fire
vegetation changes in the Chiricahua and Santa Catalina Mountains may suggest (Barton and
Poulos 2018; Falk 2013). Following the 1994 Rattlesnake fire and 2011 Horseshoe Two fires in
the Chiricahua mountains, mixed pine-oak forest had converted to oak shrublands and grasslands
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when resurveyed in 2016 (Barton and Poulos 2018). Similar vegetation conversions occurred
after the 2002 Bullock and 2003 Aspen fires in the Santa Catalina Mountains (Falk 2013).
Following the 2020 Bighorn fire in the Santa Catalina Mountains, JE Fuller Inc. conducted a
post-fire flood risk assessment which showed significant increases in stream flows (Elslager
2020). The post-fire hydrology was modeled with HEC-HMS using Curve Numbers (CN) to
capture changes within the burn scars. In this paper, the same model is modified to reflect
potential fire-driven vegetation conversion seen following other fires in the Arizona Sky Islands
(Falk 2013). The basis for this will be observations on vegetation changes a decade after the
Bullock-Aspen fires (Maghran 2014). A decade after the fires, Maghran surveyed the fireaffected areas to quantify pre-fire and post-fire changes to vegetation. Using Maghran’s reported
data, coefficients are developed to modify pre-fire vegetation composition and density to reflect
the potential post-climax state. The PCHYDRO (Arroyo Engineering 2019) framework for
determining curve numbers (CN). With the post-climax phase CNs, the loss method of JE
Fuller’s HMS model is updated to generate new flows for the Cañada del Oro River.
Meteorologic models and transform methods are left unchanged since JE Fuller left them
constant between pre-fire and post-fire models. Post-climax stream flows are then compared to
pre-fire values to quantify the hydrologic effect of potential vegetation conversion.
2.

DATA

Item
Documented vegetation changes
Basin geometry, HMS model
BARC MAP:
BighornBurnSev20200713.shp
USGS NLCD (2016) Developed
Imperviousness (CONUS)
USA NAIP Imagery: Natural Color

Use
Pre-fire/post-fire change coefficients
Existing model
Fire footprint

Source
(Maghran 2014)
(Elslager 2020)
(Elslager 2020)

Imperviousness calculation

(USGS 2016a)

Bedrock identification

STATSGO 2: gsmsoilmu_a_az
NLCD 2016 Land Cover (CONUS)
NLCD 2016 USFS Tree Canopy Cover
(CONUS)
NLCD 2016 All Rangeland Fractional
Components

Hydrologic soil group
Vegetation type north of Pima County line
Tree density

(The National Agriculture Imagery
Program 2019)
(USDA 2019)
(USGS 2016b)
(USGS 2016c)

Shrub density

(USGS 2016d)
Table 1. Data sources used
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3.

METHOD
3.1

Pre-fire Post-fire Change Coefficients:

Maghran reports vegetation changes from 69 0.10 ha plots through changes in density
(individuals/ha) and tree basal area (m2/ha). Density and basal area are reported on an individual
species basis. To categorize these species into corresponding PCHYDRO vegetation classes of
Mountain Brush, Ponderosa Pine and Juniper-Grass, the species are first classified with SCODE
according to the SWReGAP (Lowry et al. 2005). These SCODES have been previously
categorized into PCHYDRO classes (Stewart and Canfield 2008). Change ratios are then
calculated using a weighted average of ratio multiplied by species tree basal area, to ensure that
larger samples had a corresponding larger impact on the calculated ratios. The density change
coefficient is used to project vegetation density changes and the tree basal area change coefficient
is used to project vegetation area changes. The difference in area from applying the basal area
coefficient is redistributed to the desert brush vegetation category at 20 percent cover density.
Basal Area Coefficient
Density Coefficient

Species

Mountain Brush
0.55
2.11
Acer grandidentatum
Arbutus arizonica
Juniperus deppeana
Pinus discolor
Pinus ponderosa
Pinus strobiformis
Populus tremuloides
Pseudotsuga menziesii
Quercus arizonica
Quercus emoryi
Quercus hypo.
Quercus oblongifolia

Ponderosa Pine
0.57
2.84
Abies concolor
Acer grandidentatum
Pinus ponderosa
Quercus hypo.

Table 2. Change coefficients and PCHYDRO vegetation categories

Juniper-Grass

0.57
3.18
Acer grandidentatum
Juniperus spp.
Pinus discolor
Pinus ponderosa
Quercus arizonica
Quercus emoryi
Quercus gambelii
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3.2

GIS Procedure:

As part of their report, JE Fuller includes several shapefiles, two of which are primarily used.
These are “Bighorn_Subbasins.shp” and “BighornBurnSev20200713.shp” and contain the
delineated watersheds and fire-affected areas as vector
polygons. The burn severity layer is from a U.S. Forest
Service Burn Area Reflectance Classification (BARC)
Map, which classifies areas within the burn footprint
according to burn severity and is derived from Landsat 8
data (Elslager 2020). Both layers are shown below. Prefire post-fire change coefficients are only applied to
vegetation in the affected footprint, and CN calculations
are similarly only done for CDO subbasins similarly
Figure 1. CDO Basin delineation and fire footprint

within the fire footprint. These are: CDO Upper 1-5 and
CDO Lower 1.

The first item calculated is the imperviousness for each subbasin, which is calculated using the
USGS NLCD (2016) Developed Imperviousness (CONUS) layer (USGS 2016a). Due to it
describing only developed areas, the only areas of high
imperviousness are the SaddleBrooke Ranch Golf Club in
CDO Lower 1. All other areas are described as having 0
percent imperviousness. Following PCHYDRO
recommendation of 5 percent minimum imperviousness,
the areas identified as having 0-5 percent imperviousness
were all switched to 5 percent. This results in an
imperviousness of 5.97 percent localized almost entirely
within the CDO Lower 1 basin. In their report, JE Fuller
makes special mention of accounting for exposed bedrock
Figure 2. Imperviousness from NLCD 2016
dataset

in the Catalina Mountains and uses a CN of 92 to
describe the bedrock. Given that the NLCD layer for

imperviousness did not cover the undeveloped areas, an assumption is made that the exposed
bedrock CN of 92 will account for the imperviousness in the undeveloped area. To obtain the
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exposed bedrock areas, an unsupervised classification
was performed using the ArcGIS Pro Classification
Wizard toolset on 2019 high resolution imagery (The
National Agriculture Imagery Program 2019). When the
pixels are classified into 10 classes, rock outcroppings are
roughly represented by a single class. This method
performed adequately for an estimate of the exposed
bedrock, but it had difficulty with edge cases, such as
shadowed bedrock. This is demonstrated in Appendix
Figure A. Georeferenced areas identified as containing
bedrock are then carried forward into CN calculations

Figure 3. Identified bedrock from NAIP imagery

and excluded from the application of the pre-fire post-fire coefficients.
Hydrologic Soil Group (HSG) composition is determined from STATSGO2 soil map from the
USDA online portal (USDA 2019). An attempt was made to utilize PimaMaps (Pima County
n.d.) for the soil data. However, data exported from PimaMaps is formatted as a raster with noneunique symbology and borders around each soilgroup, which would make digitizing the data
cumbersome. Therefore, the STATSGO2 data is used since it can be downloaded as a ready-touse shapefile. Soil data is given in the form of MUSYM identifies which have the HSG
composition given in table 2.

Table 3. HSG composition of STATSGO2 soil data

Figure 4. STATSGO2 soil data
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Vegetation type is determined from a combination of datasets from PimaMaps (Pima County
n.d.) and the NLCD 2016 Land Cover data set (USGS 2016b). These are combined at the Pima
County-Pinal County line. Finally, vegetation density is determined from the NLCD 2016 USFS
Tree Canopy Cover dataset (USGS 2016c) and the NLCD 2016 Shrub Rangeland Fractional
Component dataset (USGS 2016d), which complement each other.

Figure 5. Left: Combined NLCD 2016 Land Cover and PimaMaps datasets; Middle: NLCD 2016 USFS Tree Canopy Cover dataset; Right: NLCD 2016
Shrub Rangeland Fractional Component dataset

3.3

CN Calculations

Utilizing ArcGIS Pro’s overlay toolset to intersect and update the layers, a 66800 x 8 matrix was
created of polygons with the following attributes: soil, basin, vegetation type, area, tree density,
shrub density, presence of fire and presence of bedrock. To analyze this, the graphs of the
Hydrologic Soil-Cover Complexes and Associated Curve Numbers from Appendix D of the
PCHYDRO user guide (Arroyo Engineering 2019), are digitized and fitted with 4th polynomial
equations. Digitization is done using an online tool (“WebPlotDigitizer” 2020), and MATLAB’s
polyfit function is used to curve fit. All curves were
visually inspected for accuracy and RMSE tests were
completed to confirm goodness of fit. These polynomial
coefficients are stored and recalled when using scripted
functions based on MATLAB’s polyeval function, to
Figure 6. Plot of digitized points from the
Mountain Brush HSG D curve from PCHYDRO
Appendix D

analyze each row of the matrix describing the post-climax
CDO characteristics. Appendix Table 1 lists the
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polynomial coefficients and RMSE value. Following CN calculations, the JE Fuller HMS model
is updated with the impervious values and new CNs, after which scenarios are rerun for the 100 yr
24 hr SCS Type I storm and 3 hr storm.
4.

RESULTS

Table 4. CN differences for existing vs post-climax model

Table 5. Discharges differences for existing vs post-climax model

Figure 7-8. 100 yr 24 hr SCS Type I discharge comparison between existing and post-climax model
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Figure 9-10. 100 yr 3 hr discharge comparison between existing and post-climax model

5.

DISCUSSION

The vegetation change coefficients derived from Maghran’s data show that while tree basal area
(m2/ha) decreases, the tree density (individuals/ha) increases dramatically. Using the PCHYDRO
framework for CNs, and the assumption that tree basal area is proportional to coverage area and
tree density is proportional to cover density, the results demonstrate the potential for streamflow
increases from fire-driven vegetation conversion. The primary areas of concern regarding the
accuracy of these results are the vegetation change coefficients and possible differences in
approach used for CN calculation. Tree species not adequately described by the SW ReGAP or
PCHYDRO documentation are not included in the vegetation change coefficients. Additionally,
land cover is reduced from the Ponderosa Pine, Mountain Brush and Juniper Grass cover types
and redistributed to Desert Brush. The actual cover proportions and changes may not reflect this.
Differences in approaches used to characterize the watersheds will also reduce the validity of
these results. While many of the same layers JE Fuller used are utilized for this study, a
percentage of the streamflow increases may be attributable to calculation differences.
6.

CONCLUSION

Fire-driven vegetation changes have been observed in the Southwest and locally in the Sky
Islands of Arizona. These changes may represent a permanent shift in climax vegetation
composition as the combined effects of fire regime changes, climate change and other
environmental stressors make recovery more difficult. Besides the loss of forests as we know
them, this has hydrologic and engineering implications. Shrub and grasses do not have the same
water retention capacity that trees do. The increase in density observed in species such as Pinus
Ponderosa following fire does not offset the hydrologic effect of additional shrubs. As a result,
engineers and leaders may need to be aware and consider the long-term impacts of wildfire on
peak discharges during high rain events.
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7.

Appendix

Appendix Figure A. Bedrock unsupervised classification: areas with good classification vs edge cases
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