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ABSTRACT

Background. Colorado River Cutthroat Trout (CRCT; Oncorhynchus clarkii pleuriticus) conserva-
tion populations may be at risk from wildfire and post-fire debris flows hazards. Aim. To predict
burn severity and potential post-fire debris flow hazard classifications to CRCT conservation
populations before wildfires occur. Methods. We used remote sensing, spatial analyses, and
machine learning to model 28 wildfire incidents (2016—2020) and spatially predict burn severity
from pre-wildfire environmental factors to evaluate the likelihood (%) and volume (m?) hazard
classification of post-fire debris flow. Key results. Burn severity was best predicted by fuels,
followed by topography, physical ecosystem conditions, and weather (mean adjusted R” = 0.54).
Predictions of high or moderate burn severity covered 1.1 (15% of study area) and 1.5 (19% of study
area) million ha, respectively, and varied by watershed. Combined high or moderate debris flow
hazard classification included 80% of stream reaches with conservation populations and 97% of
conservation population point nodes. Conclusions. Predicted burn severity and potential post-
fire debris flow indicated moderate to high hazard for CRCT conservation populations native to
the Green and Yampa rivers of the Upper Colorado River Basin. Implications. Future manage-
ment actions can incorporate predicted burn severity and potential post-fire debris flow to
mitigate impacts to CRCT and other at-risk resource values before a wildfire occurs.

Keywords:
(dNBR), machine learning, post-fire debris flow, Sentinel-2, stream reach, Upper Colorado River
Basin, wildland fire.

burn severity, Colorado River Cutthroat Trout, differenced Normalised Burn Ratio

Introduction

High severity wildfires impact ecosystem services and natural resources directly and
indirectly. Direct effects, including habitat loss and human and wildlife mortalities,
overshadow indirect effects of wildfire like post-fire debris flow (PFDF; Cannon and
DeGraff 2009), which pose a hazard to areas long after containment (Chow et al. 2019).
Initiated by precipitation and resulting runoff, PFDF can severely impact aquatic ecosys-
tems. Threats to aquatic ecosystems from PFDF hazard include mass wasting, scouring,
sedimentation, flow alteration, physical and chemical contamination (Proctor et al. 2020;
Kieta et al. 2023), which induces changes to water quality (temperature, turbidity, pH,
dissolved oxygen, and nutrients), and can lead to extirpation of local fish populations.
Furthermore, fish populations in headwater streams are often subject to metapopulation
dynamics due to habitat fragmentation and environmental stochasticity (Roberts et al.
2013). Consequently, PFDF hazards can affect the persistence of fish populations
throughout a stream network in areas outside of burn scars influencing the overall risk
of population decline.

Colorado River Cutthroat Trout (CRCT; Oncorhynchus clarkii pleuriticus) are restricted
to relatively short, headwater stream fragments (Hirsch et al. 2013) with 63% of
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recognised populations vulnerable to stochastic events
including wildfire and PFDF (Roberts et al. 2013). The
occurrence of high severity wildfire (Williams et al. 2009)
followed by destructive PFDF poses a significant hazard to
CRCT particularly in the headwater areas where CRCT are
concentrated (Haak et al. 2010a). These sensitive areas typi-
cally have shallow soils, high topographic relief, and steep
slopes that are susceptible to PFDF. Increases in wildfire occur-
rence, size, intensity, and severity across the western United
States (Westerling 2016; Holden et al. 2018; Wilmot et al.
2022) exacerbate the hazard of PFDF to aquatic habitats of
CRCT and other subspecies of Cutthroat Trout. Understanding
the hazard to CRCT from wildfire and PFDF is needed to devise
assessments of extirpation risk, pre-fire emergency planning,
and pre- and post-fire mitigation strategies.

Predicting PFDF is difficult due to stochasticity and tempo-
ral and spatial variation in controlling factors. Understanding
the likelihood of PFDF requires, among other factors, predic-
tions of burn severity (Keeley 2009), which is the degree to
which a wildfire consumes above and belowground organic
matter (NWCG [National Wildfire Coordinating Group]
2023). Past research supports the application of differenced
Normalised Burn Ratio (ANBR) as an indicator of burn sever-
ity for post-wildfire hazard identification and mitigation
(Eidenshink et al. 2007; Fassnacht et al. 2021). DNBR is
calculated by differencing reflectance of post-fire from pre-
fire shortwave and near-infrared spectral bands using multi-
spectral imagery such as Landsat-8 (Soverel et al. 2010; Guo
et al. 2022) and Sentinel-2 (Drusch et al. 2012; Gibson et al.
2020; Morresi et al. 2022). While post-fire burn severity is
frequently assessed using dNBR, predictions of burn severity
prior to a wildfire can also be made, although considerable
variation exists in modelled results due to wildfire behaviour
(Wells et al. 2023). Nonetheless, planning and mitigation
efforts seek to understand possible impacts of wildfire prior
to a wildfire event. When coupled with PFDF hazard analysis,
the utility of predictive pre-fire burn severity models can be
enhanced for managers seeking to understand risk to ecosys-
tems and species, including populations of CRCT. The decision
whether to salvage a high-value native trout population ahead
of an encroaching wildfire is currently made with very limited
information. Subsequent PFDF is the primary wildfire related
driver of extirpation in native trout populations (Sedell et al.
2015), yet there is often little time to evaluate whether an
emergency fish salvage effort should proceed prior to a post-
fire rain event. Pre-fire estimation of PFDF hazard can indi-
cate risk to fish populations and assist conservation efforts
before a wildfire emergency develops.

Here, we predict pre-fire burn severity and potential
PFDF hazard across the native range of a single lineage of
CRCT, the blue-lineage CRCT (‘blue’ sensu Metcalf et al.
2012; Bestgen et al. 2019), henceforth bCRCT, of special
management concern. We aim to improve understanding of
the landscape and stream scale hazards and subsequent risks
to known conservation populations (CP), which are

generally restricted to upper elevations and headwater
streams. Our overall goal was to expand upon a recent
approach to predict pre-fire burn severity and potential
PFDF (Wells et al. 2023) and in turn characterise hazard
to populations of bCRCT. Our specific objectives were to: (1)
develop spatially explicit predictions of pre-fire burn sever-
ity across the native range of bCRCT and determine the
relative importance of predictor variables; (2) estimate
potential PFDF hazards based on predicted pre-fire burn
severity; and (3) estimate hazard of PFDFs to bCRCT CP.
Results provide a hazard analysis of possible effects of wild-
fire over a wide swath of the Upper Colorado River Basin
and a targeted hazard assessment for bCRCT CP, which can
be adapted to other species and values at risk.

Materials and methods

Study area

Our study covers the putative native range of bCRCT
(Metcalf et al. 2012; Bestgen et al. 2019) including parts
of Colorado, Wyoming, and Utah (Fig. 1). We predict pre-fire
burn severity and potential PFDF hazard across this distribu-
tion, but also present more detailed analyses focused on the
CP, loosely defined as those displaying less than 10% admix-
ture with non-native trout determined from molecular study
(Hirsch et al. 2013). These CP are spatially nested within the
historic and current distribution of bCRCT (Fig. 1). We
selected watersheds from the Watershed Boundary Dataset
WBD (2023) 12-digit Hydrologic Unit Codes (HUC-12) within
1 km (n = 723) of the historic distribution of bCRCT deli-
neated by Hirsch et al. (2013). The extent (Fig. 1) covered
roughly 7.5 million ha and includes five vegetation types
(Kuchler 1964): (1) Great Basin shrub/steppe (35%); (2)
Rocky Mountain conifer forest (34%); (3) Great Basin/
Southwest forest (21%); (4) Great Basin shrub/grassland
(8%); and (5) alpine meadow (2%). Our analysis involved
multiple steps; these are summarised below and in Fig. 2.
We identified 28 wildfires (Table 1) with perimeters that
intersected the study area spanning 2016-2020 (Fig. 1)
from the inter-agency database Monitoring Trends in Burn
Severity (Eidenshink et al. 2007; MTBS [Monitoring Trends
in Burn Severity program] 2023). We selected fires from
2016 onward to align with imagery available from the
Sentinel-2 mission (European Space Agency 2023). We mod-
elled pre-fire burn severity for individual wildfires and cast
averaged predictions by associated HUC 4-digit (HUC-4)
watershed boundaries that intersected our study area
(Fig. 3). This included the Upper Green (8 wildfires),
Lower Green (8 wildfires), Yampa (12 wildfires), and Dirty
Devil watersheds. We modelled pre-fire burn severity in the
Dirty Devil HUC-4 watershed, but because no large wildfires
occurred there during 2016-2020, pre-fire burn severity was
modelled based on wildfires from the closest adjoining
watershed, the Lower Green. To quantify direct effects of
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Study area extent derived from 12-digit Hydrologic Unit Code (HUC-12) watershed boundaries within 1 km of

the current and historic distributions of blue lineage Colorado River Cutthroat Trout-Blue Lineage (bCRCT), 4-digit
HUC (HUC-4) watershed boundaries, Monitoring Trends in Burn Severity (MTBS) wildfire perimeters (n = 28) from 2016
to 2020, and nested distribution of bCRCT conservation populations. Note: map derived from fig. 1 in Bestgen

et al. (2019).

potential wildfire, we tabulated predicted pre-fire burn sever-
ity within 500-m buffers around streams identified by the
Geographic Names Information System (GNIS [Geographic
Names Information System] 2023) of bCRCT CP, which
were composed of 70% Douglas fir/spruce/fir (Psuedotsuga
mengziesii, Picea spp., Abies spp.) based on potential natural
vegetation in the conterminous United States (Kuchler 1964).
We quantified indirect effects of wildfire by modelling poten-
tial PFDF at the scale of stream reach associated with bCRCT
CP (Fig. 3) and tabulated hazard to individually known loca-
lised populations of bCRCT CP by name (node ID).

Predicting burn severity

We developed machine learning model of burn severity
based on pre-fire conditions, henceforth referred to as pre-
dicted burn severity. Each wildfire was modelled individu-
ally using observed post-fire MTBS dNBR pixel values as a
response variable. Research shows wildfire depends upon
multiple interacting environmental factors, including: (1)
physical ecosystem conditions (Hagmann et al. 2021); (2)

fuel (Keeley and Syphard 2019); (3) topography (Povak
et al. 2018); and (4) weather (Litschert et al. 2012), which
formed the basis of our predictor variable development.
We developed predictions of potential burn severity using
pre-fire environmental factors as previously demonstrated in
Wells et al. (2023). To characterise the pre-fire physical
ecosystem, we used Sentinel-2A/B (Drusch et al. 2012)
imagery from Copernicus Open Access Hub https://scihub.
copernicus.eu and the Sentinel Applications Platform (SNAP
ver. 7.0; European Space Agency 2022) to pre-process digi-
tal imagery and create predictor variables. We created pre-
dictor variables for two periods prior to each wildfire. The
first period was from as close to the ignition date as possible
and the second was an early season period prior to the onset
of the growing season and free of cloud or snow over the
wildfire perimeter. Use of two periods provided a more
robust range of physical ecosystem conditions and inherent
delineation between deciduous and evergreen vegetation
cover. Sentinel-2 images were corrected based on user spec-
ified inputs (Stand-alone sen2cor ver. 2.9; STEP 2024) for
atmosphere, bidirectional reflectance, and topography and
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hazard of potential burn severity and potential post-fire debris flow to conservation populations of blue lineage
Colorado River Cutthroat Trout (bCRCT; Oncorhynchus clarkii pleuriticus) in unburned areas.

converted to reflectance. Individual spectral bands (1-8a;
11-12) were used along with Normalised Difference in
Vegetation Index (NDVI, Huang et al. 2021), Soil-Adjusted
Vegetation Index (SAVI, Rondeaux et al. 1996), and bio-
physical parameters of leaf area index, fraction of absorbed

photolytically active radiation, chlorophyll content in leaf,
fraction of vegetation cover, and canopy water content that
were included in past work (Wells et al. 2023).

Fuel and topographic information were acquired from
existing data products. To characterise surface fuels, we

4
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Table 1. Wildfire incident, date, watershed, location, size, and amount of burned area classes used to generate models of differenced Normalised Burn Ratio (dNBR) from 2016 to
2020 (n = 28) within the historic distribution of blue-lineage Colorado River Cutthroat Trout.

Incident Name Ignition Date HUC-4 Latitude (N) Longitude (W) Size (ha) Unburned-Low (ha) Low (ha) Moderate (ha) High (ha)
Bear Trap 21 July 2018 LG 39.295 -109.882 3729 247 931 1511 1038
Bender Mountain 3 September 2018 uG 40.962 -109.056 1537 127 820 418 170
Big Red 19 August 2017 Y 40.926 -106.86 Tié61 165 419 338 222
Boulder Lake 17 August 2019 UG 42.856 -109.674 551 1 300 239 0
Cabin Lake 29 July 2018 Y 39.919 -107.593 2333 635 758 624 207
Center Creek Trail 25 August 2020 LG 40.65 -110.445 715 249 397 55 1
Cowboy 9 September 2017 uG 41.399 -110.757 680 28 146 438 0
Deep Creek 4 September 2017 Y 40.592 -107.102 1626 308 499 398 419
Dollar Ridge 1 July 2018 LG 40.1m -110.877 28,254 5053 9474 10,032 3525
East Fork 21 August 2020 LG 40.6 -110.603 43,072 12,241 1,181 8954 9610
Fawn 7 July 2018 Y 39.755 -108.406 419 78 139 202 0
Fawn Creek 13 July 2020 Y 39.788 -108.386 1376 189 426 693 68
Fly Canyon 8 September 2016 LG 39.425 -111.28 1082 184 288 255 331
Hunt 5 September 2019 Y 39.773 -108.293 1298 149 251 551 348
Laney Rim 28 July 2018 UG 41.201 -108.973 4690 543 2930 1219 0
Lost Solar 8 August 2016 Y 39.893 -107.421 2080 780 768 266 267

(Continued on next page)
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Table 1. (Continued)

Incident Name Ignition Date HUC-4 Latitude (N) Longitude (W) Size (ha) Unburned-Low (ha) Low (ha) Moderate (ha) High (ha)
Marten Creek 16 September 2018 uG 42.72 -110.64 2583 344 994 749 492
Middle Fork 6 September 2020 Y 40.636 -106.762 8452 1231 2242 2591 2326
Murdock 28 August 2018 LG 40.669 -110.858 2092 424 902 503 248
Pole Creek 4 August 2017 uG 42182 -110.675 1374 366 517 332 134
Red Canyon 29 July 2018 Y 39.685 -108.729 2307 238 781 m5 172
Richard Mountain 3 August 2020 UG 40.995 -109.262 3157 690 1808 617 42
Roosevelt 15 September 2018 uG 43.06 -110.387 22,391 5040 7814 3839 5691
Silver Creek 19 July 2018 Y 40.234 -106.587 8387 2488 2466 1881 1504
Snake 10 September 2016 Y 41.049 -107.061 1035 320 309 221 182
Streeter 7 July 2020 Y 40.288 -107.781 734 84 542 108 0
Tank Hollow 1 August 2017 LG 40.006 -11.252 4453 966 1895 1410 181
Trail Mountain 7 June 2018 LG 39.409 -M.174 7423 120 2254 2609 1412
Total 158,990 34,296 52,251 42,67 28,599
Proportion of Total 0.22 0.33 0.27 0.18

Note: 4-digit Hydrologic Unit Code (HUC-4) watersheds are Lower Green (LG), Upper Green (UG), and Yampa (Y). Italics, wildfire used to hindcast a singular test case pre-fire dNBR to wildfire shown in

boldface (Fig. 5).
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Predicted differenced Normalised Burn Ratio (dNBR) differentiated by 4-digit Hydrologic Unit Code (HUC-4)

watersheds (Dirty Devil, Lower Green, Yampa, and Upper Green) for contemporary conditions (September 2022) used
to assess hazard of potential post-fire debris flow for conservation populations of blue lineage Colorado River
Cutthroat Trout (bCRCT; Oncorhynchus clarkii pleuriticus) in unburned areas.

used yearly estimates of herbaceous cover (HERB) of annual
and perennial grasses, and forbs (Rigge et al. 2022). To
estimate overstorey fuels, we used LANDFIRE (2016) LF
1.4.0 Forest Canopy Cover (FCC), representing fuels prior
to the earliest wildfire. Elevation variables were extracted
from the National Elevation Data products at 1/3 arc second
(Gesch et al. 2018). Additional topographic variables of
slope, terrain position index, terrain roughness index, sur-
face roughness, and cosine and sine transformation of aspect
were calculated from elevation.

For weather information, we extracted gridded surface
meteorological data (Abatzoglou 2013) and averaged daily
values over three time-lags prior to ignition: (1) 7 days; (2)
30 days; and (3) one calendar year. These time-lags repre-
sented differing climate, fire weather, and fuel conditions
that we expected to influence burn severity. Predictors
included 100-h and 1000-h dead fuel moisture, specific
humidity, maximum and minimum relative humidity, maxi-
mum and minimum air temperature, precipitation, wind
speed, vapour pressure deficit, downward surface shortwave
radiation, alfalfa and grass reference evapotranspiration,
energy release component and burning index.

For each fire, we used a geographic information system
(GIS) to sample pixels of MTBS datasets of observed dNBR
and associated pre-fire predictor variables. We randomly
sampled pixels within each fire perimeter to develop model
building (training-testing; 40%), and validation (reserved;
10%) partitions. We used a random forest (Breiman 2001)
in Anaconda Python 3.10.0 with the scikit library to fit and
validate models of dNBR with the training-testing and vali-
dation data partitions, respectively (Pedregosa et al. 2011;
Anaconda Software Distribution 2023). We removed highly
correlated (R > 0.70) predictor variables with a forward
stepwise routine (Sherrouse and Hawbaker 2023) and tested
for spatial auto-correlation with regression kriging (Wells
et al. 2023). The random forest algorithm used a 10-fold
cross-validation (CV) based on root mean square error
(RMSE) of the CV test fold, with 500 estimators and a mini-
mum of 10 samples per leaf. To assess variable contributions
to model compositions, we tallied variable frequency and
normalised variable importance values within each model to
calculate the summed proportional variable importance
(SPVI) over all models. SPVI is calculated by taking the
importance value of each selected variable per individual
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model, divided by the total variable importance of all vari-
ables from that individual model, and summing that particu-
lar variable over all models. For each variable we tabulated
percentiles of SPVI over all models and averaged SPVI by
environmental factor (physical ecosystem, fuel, topography,
and weather). Spatial extrapolation of pre-fire burn severity,
or model predictions, were based on the variables from each
individual wildfire model with data acquired representing a
contemporary period (11-19 September 2022), with early
season imagery variables matched to May-June 2022. For
each wildfire model, predictions were cast over the associ-
ated HUC-4 watershed and averaged by arithmetic mean.
Averaged predicted dNBR by HUC-4 watershed were classi-
fied based on natural breaks (Jenks and Caspall 1971) into
four severity classes to mirror MTBS burn severity (Fig. 4).
Averaged predictions were merged and scaled for display to
show relative dNBR over the entire study area (Fig. 3). To
verify model functionality, we used hindcasting of the largest
individual wildfires (East Fork) based on the Dollar Ridge
Fire model (Fig. 5), which occurred within the same
watershed (Lower Green) the year prior (Table 1) and com-
pared predicted severity classes to observed MTBS post-fire
burn severity. We tabulated a confusion matrix of predicted
pre-fire burn severity classification (binned moderate and
high) against observed MTBS thematic burn severity
(MTBS [Monitoring Trends in Burn Severity program]
2023) and reported the overall accuracy and Kappa statistic.

Potential for post-fire debris flow

We used the U.S. Geological Survey (USGS) post wildfire
debris flow hazard assessment (U.S. Geological Survey
2023) to estimate potential for PFDFs based on our predic-
tions of burn severity. The hazard assessment uses empirical
models to estimate the likelihood (%) and potential volume
(m®) of PFDF in response to a series of simulated storms with
15-min peak rainfall intensities (12-40 mm h~! precipita-
tion by 4 mm h~! increments), which may be expected
within a 1-year recurrence interval (NOAA [National
Oceanic and Atmospheric Administration] 2023). We deli-
neated the stream reach drainage network and associated
catchments within each HUC-12 watershed based on 10-m
elevational data and GIS stream analysis. PFDF model calcu-
lations were performed at each catchment outlet and along
upstream drainage networks by stream reach. Debris-flow
likelihood calculations used logistic regression (Staley et al.
2016) and our inputs of predicted pre-fire burn severity clas-
sified as moderate or high (described above), soil properties
(K-factor of the universal soil loss equation; Wischmeier and
Smith 1965) and rainfall accumulation for a given duration.
Potential debris-flow volumes were predicted using multiple
linear regression models (Gartner et al. 2014) with simulated
rainfall intensity, basin morphology, and predicted burn
severity (classified as moderate or high, as described above).
Volume estimates were classified by order of magnitude

from 0-1000 m> 1000-10,000 m> 10,000-100,000 m>,
and greater than 100,000 m>. We combined likelihood and
volume debris flow results (Table 2) following Cannon
et al. (2010).

Conservation population hazard

We quantified hazard to bCRCT CP by assessing both direct
effects of potential wildfire burn severity and indirect effects
of potential PFDF. We spatially aggregated predicted burn
severity and potential PFDF to stream reaches and CP node
ID, respectively. We buffered (500 m) stream reaches of CP
and quantified averaged predicted burn severity, (ANBR), by
stream name following nomenclature from the GNIS since
single CP often occupy more than one named stream. Since
multiple PFDF stream segments conjoin stream reaches of
bCRCT CP, we summarised potential PFDF linear stream
segments by averaging to points at the intersections of
stream outlets with mainstem segments. The mainstem out-
let points were averaged over stream reaches, based on
rankings of none (0), low (1), moderate (2), and high clas-
sification (3) for increasing simulated storm intensities, by
bCRCT CP node ID. This final step (Fig. 2) where we aver-
aged linear stream segments to outlet points on mainstem
streams and mainstem outlets by stream reach, created a
hazard index value of potential PFDF, per simulated storm
intensity, for each bCRCT CP node ID.

Results

Predicting burn severity

Over the study area, the 28 wildfires analysed burned
159,000 ha from 2016 to 2020 (Table 1). Observed mean
dNBR from individual wildfires ranged from a low of 0.13 to
a high of 0.49 with an average of 0.29 (Table 3). Average
RMSE values of the random forest model of pre-fire dNBR,
based on validation dataset, were 57% of the averaged
observed mean dNBR (Table 3). One model (Fly Canyon)
showed large variation of >100% RMSE of observed mean
dNBR. Based on validation data, the models had adjusted R?
ranging from 0.17 to 0.73, with an overall average adjusted
R? = 0.54 (Table 3). There was no significant difference in
CV-test RMSE between any of the random forests models
and regression kriging models, suggesting model residuals
had little to no spatial auto-correlation. Model functionality
based on hindcasting the East Fork Fire with the Dollar
Ridge model showed strong spatial congruency compared
with observed dNBR and burn severity from post-fire MTBS
(Fig. 5). Prediction of categorised burn severity of the East
Fork Fire based on the Dollar Ridge model was marginally
accurate (overall accuracy of 0.64, x = 0.28). Random
forest models predicted 2.6 million ha (34%) of the study
area (Fig. 3) as moderate to high burn severity. Categorised
burn severity by HUC-4 watershed (Fig. 4) showed the
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|

Fig. 4.

Predicted burn severity, as of September 11-19 2022, based on classified predicted differenced Normalised Burn Ratio

(dNBR Fig. 3) for portions of the (a) Yampa, (b) Lower Green, (c) Upper Green, and (d) Dirty Devil watersheds containing Colorado
River Cutthroat Trout (Oncorhynchus clarkii pleuriticus) shown in style of Monitoring Trends in Burn Severity (MTBS) data and as

used for input to estimating potential post-fire debris flow.

Yampa (Fig. 4a) with the greatest amount (1.1 million ha;
63%) of expected moderate to high burn severity, followed
by the Lower Green (Fig. 4b; 689,000 ha; 33%), the Upper
Green (Fig. 4c; 645,000 ha; 20%), and the Dirty Devil
(Fig. 4d) with the least (144,000 ha; 29%). Predicted
dNBR ranged from a low of -0.11 to a high of 0.57 (Fig. 3).

Wildfire models were unique in terms of variable selection.
In total, there were 329 instances of variable inclusion across
28 wildfire-specific models, with ecosystem factors account-
ing for 140 instances of variable inclusion, topography 73,

weather 71, and fuel 45 (Fig. 6). Accounting for variable
overlap among models resulted in 76 unique variables
used, averaging 12 variables per model. Controlling for
period and lag resulted in 42 variables accounting for
pre-fire predicted burn severity (Fig. 6). The most fre-
quently used (25 of 28 models) predictor among all models
was of HERB whereas the predictor with the greatest SPVI
was elevation (19/28 models, Fig. 6). The most frequently
selected predictors (in 14/28 fires or more) included both
variables related to fuels (HERB and FCC), two variables

9
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(a) Predicted pre-fire dNBR

(b) Predicted burn severity

(c) Observed MTBS post-fire ANBR

km

(d) Observed MTBS burn severity

Fig. 5.

Hindcast of one wildfire model to another wildfire showing (a) pre-fire predicted differenced Normalised Burn Ratio

(dNBR) of the East Fork Fire derived from the model of the Dollar Ridge Fire (blue-red = low-high), (b) predicted burn severity
(green = unburned or low, red = moderate or high), (c) post-fire observed dNBR of the East Fork Fire from the Monitoring Trends
in Burn Severity (MTBS) program (blue-red = low-high), and (d) observed MTBS burn severity (green = unburned or low,
red = moderate or high). Note: blank spot in 4A and 4B are due to missing values.

related to topography (elevation and terrain position
index), and three remotely sensed variables related to
physical ecosystem (Sentinel-2 bands 9 (945 nm) & 12
(2190 nm), and SAVI; Fig. 6). Both Sentinel-2 bands 9
and 12 measure reflectance of short-wave infra-red radia-
tion, useful for detecting water vapour and vegetation
moisture stress, respectively (European Space Agency
2023). Based on SPVI, the most influential predictors

included elevation and three variables related to ecosystem
condition (Sentinel-2 band 12, Sentinel-2 band 9, and leaf
area index; Fig. 6). The most frequently included weather
variable (7/28 models) was the amount of precipitation
with a 7-day lag. When SPVI was averaged by environmen-
tal factors the largest contributions were from fuel (1.20),
followed by topography (0.83), physical ecosystem (0.81),
and weather (0.28).
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Table 2. Matrix for classification definition of combined debris-flow hazard ranking based on the volume (m?) and likelihood (%) of post-fire

debris flow (Yellow = Low, Orange = Moderate, Red = High).

Combined debris-flow hazard

Volume (m’)

% <1000 1000-10,000 10,000-100,000 »100,000
Likelihood 0-20 Low Low Moderate Moderate
20-40 Low Moderate Moderate Moderate
40-60 Moderate Moderate Moderate
60-80 Moderate Moderate
80-100 Moderate

Potential for post-fire debris flow

The overall number and lengths of stream reaches of bCRCT
CP (1903) analysed varied by HUC-4 watershed boundary:
727 stream reaches in the Upper Green (1067 km), 604 in
the Yampa (718 km), 496 in the Lower Green (648 km), and
76 in the Dirty Devil (89 km). Excluding null values of
predicted debris-flow reduced the number of bCRCT CP
stream reaches with classified debris-flow of either low,
medium, or high to 1643. By HUC-4 watershed boundary
this resulted in 638 of 727 bCRCT stream reaches (88%) in
the Upper Green, 532 of 604 in the Yampa (88%), 409 of 496
in the Lower Green (82%), and 64 of 76 in the Dirty Devil
(84%) with an elevated hazard classification from PFD.

The combined hazard classifications of potential PFDF of
stream reaches currently occupied by bCRCT CP increased
with storm intensity (Figs. 7, 8). Overall, 86% of streams
reaches with bCRCT CP exhibited elevated hazard classifi-
cation of potential PFDF in response to increased storm
intensity (Table 4, Fig. 7). At maximum storm intensity of
40 mm h ™!, potential PFDF increased to the highest hazard
classification in roughly a third of all stream reaches
(Table 4 and Fig. 7). Above 28 mm h_l, more than two-
thirds of stream reaches showed potential PFDF hazards of
moderate or high, increasing up to 80% at 40 mm h~!
(Table 4, Fig. 8). Combined hazard classifications of the
moderate category were present throughout all storm inten-
sities; above 24 mm h ™! more than half of stream reaches
were classified as such (Table 4). Potential PFDF over all
stream reaches of bCRCT CP showed elevated moderate and
high hazard as peak precipitation intensities increased.
Similar patterns were present when tabulated by HUC-4
watershed (Table 4).

The number of bCRCT CP populations within high PFDF
hazard potential varied greatly among basins. The Yampa
had the greatest number of stream reaches (343) occupied
by bCRCT CP in the highest hazard classification at maxi-
mum storm intensity, followed by the Upper Green (135),
the Lower Green (131), and the Dirty Devil (14).
Proportionally, the Yampa also had the greatest proportion
of occupied stream reaches in the highest hazard classifica-
tion at maximum storm intensity (0.57), followed by the

Lower Green (0.26), the Upper Green (0.19), and the Dirty
Devil (0.18; Table 4). By combined stream lengths, the
Yampa had the greatest distances (480 km) in the highest

hazard classification, followed by the Lower Green
(245 km), the Upper Green (214 km), and the Dirty Devil
(12 km). When both high and moderate hazard classifica-
tions were considered, the rankings among watersheds
shifted subtly. Specifically, the Upper Green contained the
greatest number of stream reaches (584; 80%) occupied by
CP classified as moderate or high followed by the Yampa
(516; 85%) indicating there were fewer stream reaches, but
a higher percentage, in the Yampa classified as high or
moderate then in the Upper Green. Analysis of the Lower
Green showed 372, or 75%, (Fig. 8) of stream reaches with
moderate or high combined hazard classification, and the
Dirty Devil with 51, or 67% (Fig. 8).

Conservation population hazard

In total, CP of bCRCT spanned ~2500 km within 422 spa-
tially distinct GNIS streams comprised of 1903 reaches that
constituted the 190 nodes (Fig. 7): 66 in the Yampa; 65 in the
Upper Green; 37 in the Lower Green; and 22 in the Dirty
Devil. (Fig. 7). Within 500-m buffers of streams with bCRCT
CP average predicted dNBR (Fig. 3) ranged from 0.17 to 0.46
(see Supplementary Table S1). When tabulated by HUC-4
watershed, the proportion of predicted moderate or high
burn severity classifications (Fig. 4) within 500-m buffers
was highest in the Yampa watershed (0.76), followed by the
Upper Green (0.47), Lower Green (0.43), and the Dirty Devil
(0.41). Overall, proportions of moderate or high severity
were greater within 500-m buffers around streams occupied
by bCRCT CP than across HUC-4 watershed.

The mainstem outlet points averaged over stream reaches
of associated bCRCT CP nodes (Fig. 7) produced hazard
index values per simulated storm intensity (Table S2).
Hazard index values showed a steady increase in hazard to
bCRCT CP from PFDF classifications as storm intensity
increased (Table S2). At peak storm intensity (40 mm h™1H
184 of 190 bCRCT CP (Fig. 8; 97%) were at risk from
moderate (52%) or high (45%) potential PFDF hazards.
Reflecting overall trends in PFDF hazard classifications by

n
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Table 3.

Observed mean dNBR and goodness-of-fit metrics for Cross Validation (CV) training-testing and validation (40-10%) datasets of

random forest models of differenced Normalised Burn Ratio (dNBR) for 28 fires that intersected the historic spatial distribution of blue-lineage
Colorado River Cutthroat Trout (Oncorhynchus clarkii pleuriticus) stream segments from 2016 to 2020.

Fire Mean Regression RMSE Validation Regression Validation

dNBR (20%) Adj. R? (20%)

CV test CV test
folds (80%) folds (80%)
Beartrap 0.4481 0.1789 + 0.0168 0.1633 0.34 + 0.089 0.51
Bender Mountain 0.3340 0.1576 + 0.0531 0.1454 0.14 + 0.16 0.49
Big red 0.3618 0.2049 + 0.0408 0.1910 022 + 0.2 0.43
Boulder Lake 0.3188 0.0791 = 0.0317 0.0810 0.53 + 0.243 0.57
Cabin Lake 0.2046 0.1583 + 0.0132 0.1424 0.57 + 0.089 0.68
Center Creek Trail 0.1317 0.1353 + 0.0429 0.1327 0.03 + 0.187 0.26
Cowboy 0.3540 0.1057 + 0.0229 0.1018 0.37 = 0.106 0.48
Deep Creek 0.3682 0.1670 = 0.0219 0.1589 0.58 £ 0.109 0.68
Dollar Ridge 0.3112 0.1411 + 0.0326 0.1244 0.55 £ 0.121 0.73
East Fork 0.210 0.1699 + 0.0227 0.1403 0.30 £+ 0.202 0.62
Fawn 0.2319 0.0995 + 0.0171 0.0992 0.48 = 0.156 0.55
Fawn Creek 0.1924 0.0832 + 0.0152 0.0858 0.59 + 0.108 0.59
Fly Canyon 0.3435 0.3297 + 0.3999 0.9061 0.44 £+ 0.246 0.17
Hunt 0.3634 0.1323 + 0.0242 0.1194 035+ 0173 0.59
Laney Rim 0.2233 0.0685 + 0.0073 0.0580 0.57 + 0.083 0.73
Lost Solar 0.2234 0.1922 + 0.0307 0.1838 0.14 + 0.304 0.36
Marten Creek 0.2491 0.1879 + 0.021 0.1681 0.36 = 0.076 0.56
Middle Fork 0.3552 0.1759 + 0.0183 0.1622 0.28 = 0.172 0.45
Murdock 0.2706 0.2060 * 0.0457 0.1755 0.05 + 0.287 0.47
Pole Creek 0.2467 0.191 + 0.0218 0.1832 032 = 0.121 0.43
Red Canyon 0.3334 0.1465 + 0.0229 0.1327 0.31 = 0.102 0.50
Richard Mountain 0.1253 0.0570 + 0.01M 0.0495 0.48 = 0322 0.72
Roosevelt 0.3503 0.2165 + 0.035 0.1903 043 + 0.14 0.59
Silver Creek 0.3446 0.1933 + 0.0205 0.1667 0.42 + 0.137 0.67
Snake 0.2893 0.2076 % 0.0161 0.1876 0.40 + 0.124 0.51
Streeter 0.3107 0.187 + 0.0108 0.1098 0.41 + 0.184 0.61
Tank Hollow 0.2292 0.1561 £ 0.0174 0.1453 0.09 + 0.144 0.38
Trail Mountain 0.3578 0.1504 + 0.0156 0.1348 0.62 + 0.087 071
Italics indicate model used to predict East Fork Fire as shown in Figs. 5a and 5b.
stream reach (Fig. 8), the bCRCT CP accumulated high haz- Discussion

ard classifications at peak storm intensities exceeding
24 mm h™! (Fig. 8). At the lowest storm intensity
(12 mm h™') 16% of bCRCT CP were at risk from moderate
potential PFDF, with the remaining 84% classified as low. At
the finest spatial scale of analysis, that of the bCRCT conser-
vation population node (Fig. 7), cumulative combined haz-
ard of potential PFDF was greatest, relative to stream reach
and watershed.

We predicted pre-fire dNBR, burn severity classification, and
potential PFDF hazard across the range (Fig. 1) of bCRCT
(Bestgen et al. 2019) and quantified the hazard to CP at risk.
Our predictions reflect multiple underlying environmental
factors that interact to elevate the occurrences of high
severity wildfire and post-fire hazards. Our results can be
used to assess other values at risk from wildfire as well as
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Fig. 6.

Factors, total predictor variable counts over all models, and percentile of Summed Proportional Variable

Importance (SPVI), with period and lags removed, of random forest models used to predict burns severity from
28 wildfires that occurred between 2016 and 2020. Topography abbreviations: TP, terrain position index; TR,
terrain roughness index; RUF, surface roughness; COS, cosine of aspect; SIN, sine of aspect. Fuel abbreviations:
HERB, herbaceous cover (HERB); FFC, forest canopy cover. Ecosystem abbreviations: Sentinel-2 Bands (2 = B2,
3=B3,4=B4,5=B5 6 =B67=B7 8 =B8, 8a=B8a, 9 =B9, 1 = BIl, 12 = BI2); NDVI, normalised difference in
vegetation index; SAVI, soil-adjusted vegetation index; LAl, leaf area index; FAPAR, fraction of absorbed
photolytically active radiation; CCL, chlorophyll content in leaf; FVC, fraction of vegetation cover; CWC, canopy
water content. Weather abbreviations: FMI00, 100-h dead fuel moisture; FMI000, 1000-h dead fuel moisture;
TMMX, maximum air temperature; TMMN, minimum air temperature; PR, precipitation; SRAD, downward surface
shortwave radiation; WS, windspeed; RMAX, maximum relative humidity; RMIN, minimum relative humidity; SPH,
specific humidity; ETR, alfalfa reference evapotranspiration; PET, grass reference evapotranspiration; ERC, energy
release component; Bl, burning index; VPD, vapour pressure deficit.

enabling targeted management actions to mitigate these
risks.

Predicting burn severity

Our models of dNBR had an overall average adjusted
R? = 0.54, which is within the range (0.26-0.63) of values
reported for other models (Birch et al. 2015; Kane et al.
2015; Picotte et al. 2021; Pascolini-Campbell et al. 2022;
Wells et al. 2023). Our hindcasting of one model predicting
the outcome of a different wildfire resulted in a lower R?
value (0.25) but provided confirmation of general spatial
patterning. Use of Relativised dNBR in future work may
improve model fit as we expect a high degree of heteroge-
neity in vegetation, and therefore spectral reflectance, of
pre-fire factors (Cansler and McKenzie 2012), however this
would necessitate recalibration of the PFDF equations. Our
study represents an advance in understanding potential burn

severity before a wildfire occurs by employing pre-fire con-
ditions of fuel, topography, physical ecosystem, and weather.
Much of the unexplained variation between predicted and
observed dNBR and burn severity is likely due to the inher-
ently dynamic behaviour of wildfire that can rapidly change
with prevailing weather and fuel conditions. Incorporating
diurnal fluctuations (Poulos et al. 2021; Pascolini-Campbell
et al. 2022) in ambient air temperature, humidity, and wind
speed that are specific to the location of the wildfire may
improve future predictions.

The threat of wildfire was high across HUC-4 watersheds.
The Yampa watershed showed the greatest areal extent of
expected moderate to high burn-severity, which influence
PFDF. Recent wildfires, such as the East Troublesome Fire
within similar ecosystems and fuels conditions (beetle-killed
conifer) have exhibited a rapid rate of spread and high burn
severity (Meldrum et al. 2022). The spruce/fir vegetation
type existing at upper elevations within the Yampa basin has
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Fig. 7. Potential post-fire debris flow (PFDF) combined (likelihood, %; volume, m?) hazard classifications based on a simulated peak
15-min rainfall intensity of 40 mm h™ for stream reaches with blue lineage Colorado River Cutthroat Trout (bCRCT; Oncorhynchus clarkii
pleuriticus) conservation populations and nodes. Note: inset maps show reference for scale and examples of mainstem outlets used for

aggregation to node.

a low fire return interval of ~300 years (Schoennagel et al.
2004) and high predicted burn severity. Similarly, high pre-
dicted burn severity was reflected in upper elevations of the
Upper Green (Fig. 4a) and Lower Green (Fig. 4b) HUC-4
watersheds, with forested assemblages of Douglas fir/
spruce/fir. The lower, more arid elevations of the Upper
and Lower Green primarily support sagebrush (Artemisia
spp.) and pinyon/juniper (Pinus edulis, Juniperus spp.) vege-
tation, respectively. Consequently, we expect to have lower
predicted burn severity primarily due to the lower amount of
woody biomass and the greater spatial heterogeneity of these
fuel types. This pattern was mirrored in the arid and south-
erly Dirty Devil watershed, largely composed of pinyon/
juniper but with forested Douglas fir assemblages occurring
at higher elevations. These relationships to severity were
supported by the frequency and importance of elevation
and FCC variables. We expected HERB, which was frequently

included in models, to influence burn severity through its
influence on rate of fire spread and intensity. Despite its
importance, fine fuel is often not well characterised in exist-
ing fire models and can be improved upon with future efforts
(Wells et al. 2021). Both environmental factors of fuel and
topography were readily apparent in the spatial distribution
of predicted burn severity. Large swaths of the Upper and
Lower Green and Dirty Devil joined the Yampa watersheds
with high burn severity classification, comprising roughly
1.1 million ha, or 15% of the study area. Combined with
moderate burn severity, those classes used to estimate PFDF,
covered roughly 2.6 million ha of the study area. Future
research should investigate the differences in variables
used to model pre-fire burn severity based on plant commu-
nity (i.e. lower elevation shrublands vs higher elevation
forests) to better understand the drivers of burn severity
across different ecotypes.

14
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Potential for post-fire debris flow

We took a novel approach to modelling potential PFDF at the
stream reach scale by including predicted burn severity
before a wildfire occurs (Cannon et al. 2010; Sedell et al.
2015). Current operational USGS PFDF models (U.S.
Geological Survey 2023) rely on burn severity estimated
post-fire. Prediction of burn severity using our methodology
represents an important step in developing and refining haz-
ard classifications for broad application to unburned but
potentially at-risk areas. Additionally, our PFDF estimates
reflect landscape factors that likely initiate, propagate, and
accumulate debris-flow based on basin morphology, slope,
soils, and precipitation. Adjustment of soil parameters includ-
ing hydrophobicity, the loss of infiltration, and other physical
changes due to fire effects (Lopes et al. 2021; Ebel et al.
2023) were not considered in the model but offer opportuni-
ties for further study. Likewise, additional research focused
on sediment delivery downstream of watershed outlets may
improve hazard assessment, as this physical process is not
accounted for by the USGS operational model. The applica-
tion of the debris flow assessment prior to wildfires and
across large spatial extents has been historically restricted by
the requirement of post-fire ANBR and burn severity estimates.
Here, we have presented an opportunity to shift the assess-
ment framework from a post-fire emergency reaction to a
pre-fire early warning, enabling wide-spread assessment.

boundaries based on predicted burn severity
of wildfire in unburned areas and simulated
peak 15-min rainfall intensities (mm h™).

36 40

This can increase the robustness of the emergency assess-
ment system as well as proactively identifying the risk to
streams, aquatic species, or other water resources before a
real hazard emerges.

The potential PFDF combined hazard over all stream
reaches of bCRCT CP was almost entirely moderate to high
for high intensity rainfall events. The hazard in the Yampa
was more pronounced based on the greater amount of mod-
erate to high predicted burn severity, but the hazard in the
Upper Green was collectively broader based on the greater
number of CRCT stream reaches with moderate to high
potential PFDF. Hazard was similar between Upper Green
and Lower Green in terms of number and length of streams
in the highest hazard class. Spatially, the Lower Green had a
similar overall length of stream reaches of bCRCT popula-
tions as that of the Yampa, but the Yampa was proportion-
ally much greater in terms of overall number and length of
streams with the highest potential PFDF. The Dirty Devil
watershed showed the lowest potential PFDF by number and
length of stream reaches with bCRCT populations. Risk in
Dirty Devil should not be disregarded on the basis of lower
hazard classifications however, as small population size and
structure may increase the vulnerability to localised extinc-
tion (Cook et al. 2010).

Past research to assess risk to Cutthroat Trout populations
from wildfire (Williams et al. 2009) or PFDF (Sedell et al. 2015)
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Hi) proportions of predicted post-fire debris-flow combined (likelihood, %; volume, m?) hazard for stream reaches of

Colorado River Cutthroat Trout-Blue Lineage (Oncorhynchus clarkii pleuriticus) conservation populations based on simulated storms over 15-min peak precipitation intensity (mm h™)

by overall study area and within watershed at the 4-digit Hydrologic Unit Code (HUC-4).

= Lo, Moderate = Mod, High

Table 4. Classification (Low

Lower Green (HUC-4) Dirty Devil (HUC-4)

Upper Green (HUC-4)

Yampa (HUC-4)

Overall

Intensity

Null Lo Mod

0.16

Lo Mod Hi Null Lo Mod Hi Null Lo Mod Hi Null Lo Mod i
0.12 0.12 0.12 0.05 0.18

Null
0.14

0.13 0.00

0.71

0.10 0.00

0.72

0.00

0.83

0.00

0.76

0.00

0.09

0.78

12

0.65 0.21 0.00 0.12 0.57 0.31 0.00 0.12 0.77 on 0.00 0.18 0.57 0.25 0.00 0.16 0.67 0.17 0.00

0.14

16

0.46 0.40 0.00 0.12 0.26 0.62 0.00 0.12 0.63 0.24 0.00 0.18 0.44 0.38 0.00 0.16 0.58 0.26 0.00

0.14

20

0.30 0.56 0.01 0.12 0.17 0.70 0.02 0.12 0.38 0.50 0.00 0.18 0.31 0.51 0.00 0.16 0.51 0.33 0.00

0.14

24

0.22 0.59 0.05 0.12 0.09 0.69 0.10 0.12 0.29 0.58 0.00 0.18 0.24 0.53 0.06 0.16 0.46 0.38 0.00

0.14

28

0.13 0.60 0.14 0.12 0.04 0.56 0.28 0.12 0.14 0.71 0.03 0.18 0.17 0.50 0.15 0.16 0.36 0.49 0.00

0.14

32

0.08 0.55 0.23 0.12 0.03 0.42 0.43 0.12 0.09 0.69 0.10 0.18 0.1 0.50 0.22 0.16 0.24 0.54 0.07

0.14

36

0.06 0.47 0.33 0.12 0.03 0.29 0.57 0.12 0.07 0.62 0.19 0.18 0.07 0.49 0.26 0.16 0.17 0.49 0.18

0.14

40

or wildfires and PFDFs (Miller and Bassett 2013) have used a
variety of GIS (Williams et al. 2009; Sedell et al. 2015) and
statistical tools (Cannon et al. 2010; Miller and Bassett 2013) to
identify hazards. This includes analysis based on landscape
characteristics derived from elevation models (10-m DEM;
Sedell et al. 2015), in conjunction with LANDFIRE data prod-
ucts (Williams et al. 2009) and FlamMap analysis (Miller and
Bassett 2013) at the stream reach (Sedell et al. 2015) or basin
(Williams et al. 2009) scale. Our framework melds a singular
approach for estimating of hazards derived from both wildfire
(Wells et al. 2023) and debris flow (U.S. Geological Survey
2023) for both basin and stream reach scales. While this
was an important modelling improvement, the emerging
effects of climate change increase the need for an early
warning system integrated with near-term climate forecast-
ing (Bradford et al. 2018). Similarly, validation efforts to
describe model fitting of PFDF events will benefit from
further research to detect PFDF based on hydrologic data
from widespread monitoring. Our efforts to validate poten-
tial PFDF classifications were hindered by the sparsity of
data on PFDF events that may have occurred originating
from within a study wildfire. Improvements to PFDF pre-
dictions can be advanced through further research that
detects (Hiirlimann et al. 2019) and identifies the impact
of PFDF on hydrologic function.

Conservation population hazard

For bCRCT CP, estimates of the combined hazard classifica-
tion of potential PFDF were cumulatively compiled by
stream reaches and outlets to quantify hazard (Table S2),
similar to past work assessing vulnerability of CRCT habitat
(Conservation Science Partners [Theobald D, Leinwand I,
Harrison-Atlas D] 2018). Hazard of PFDF to bCRCT CP
was greatest for the Yampa, followed by the Upper Green,
Lower Green, and Dirty Devil watersheds. The higher hazard
to bCRCT CP in the Yampa basin was a result of the greatest
number, length, and proportion of moderate or high classi-
fications of PFDF over all simulated storm intensities.
Hazard indices can be included in population viability
assessments that predict population persistence in a chang-
ing climate (e.g. Zeigler et al. 2019), and more importantly,
enable CRCT managers to consider risk from wildfire to
individual habitat patches defined by Hirsch et al. (2013)
and develop mitigation strategies accordingly. Management
actions that could help secure native trout diversity in a
more fire-prone future could include founding new CP with
translocations of CRCT from high-risk patches or important
peripheral populations (Haak et al. 2010b), reducing burn
severity by defining and implementing strategic fuel reduc-
tion opportunities, reducing the chances of ignition (e.g.
public access restrictions or powerline blackouts), and engi-
neered debris-flow mitigation (retention structures e.g.
Volkwein et al. 2011). Most importantly, the ability to
predict PFDF hazard will help inform pre-fire planning to
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determine whether emergency fish salvage operations should
proceed when a fire threatens or has burned through a CP.
These efforts involve risk to personnel as well as resident trout
and are therefore generally missions of last resort but have been
used with good success to save valuable native trout popula-
tions, such as those at Hayden Creek, CO (Rogers et al. 2020).

Our approach provides a quantifiable characterisation of
hazard based on the long-term indirect effects of wildfire.
These results build upon past work to forecast burn severity
and subsequent PFDF before they happen, helping to inform
conservation planning and long-term risk management of
valued fisheries. By using an explicit spatial evaluation and
assessment, we are able to bridge an implicit understanding of
burn severity from both direct and indirect effects of wildfire
to an at-risk aquatic species in western North America.

Supplementary material

Supplementary material is available online.
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