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Probabilistic prediction of post-fire debris-flow runout and 
implications for prefire assessments of post-fire hazards 
Alexander N. GorrA,* , Luke A. McGuireA , Ann M. YoubergB and Donald N. LindsayC

ABSTRACT 

Background. Debris-flow runout modeling is a valuable component of the prefire assessment of 
post-fire hazards. The application and benefits of runout modeling are limited by uncertainty in 
debris-flow volume as well as model parameters related to flow mobility. Aims. In this study, we 
assess and reduce the uncertainty associated with flow-mobility parameters by calibrating a 
debris-flow runout model to 12 runoff-generated debris flows in the western United States. 
Methods. For each debris flow, we determined optimal flow-mobility parameters using back 
analyses and generated a posterior distribution of the parameters using a Bayesian approach. We 
assessed the relative sensitivity of the model to the flow-mobility parameters, rainfall intensifi
cation and fire burn severity when applied to three post-fire debris flows. Key results. Yield 
strength, one of the flow-mobility parameters, exhibits a negative, linear relationship with soil 
clay content. Modeled area inundated is most sensitive to the flow-mobility parameters, 
followed by a rainfall intensification factor. Conclusions. Well-constrained flow-mobility param
eters will improve post-fire debris-flow runout modeling, though prefire assessments of post-fire 
hazards could also benefit from accounting for the effects of rainfall intensification. 
Implications. This study improves our ability to simulate debris-flow runout and assess associ
ated hazards.  

Keywords: area inundated, Bayesian analysis, debris flow, fire, hazard, inundation, modeling, 
rainfall intensification, runout, soil clay content. 

Introduction 

Debris flows often occur following fire owing to increases in infiltration-excess overland 
flow and erosion in steep watersheds in response to short-duration, high-intensity rainfall 
(Kean et al. 2011; Nyman et al. 2011; McGuire et al. 2024). Although post-fire debris 
flows (PFDFs) already pose a hazard to people and infrastructure downstream of fire- 
prone regions around the world (Conedera et al. 2003; García-Ruiz et al. 2013; Nyman 
et al. 2015; Kean et al. 2019; Jin et al. 2022; Esposito et al. 2023), climate-driven 
increases in fire activity (Senande-Rivera et al. 2022), intensification of short-duration 
rainfall (Fowler et al. 2021) and expansion of the wildland–urban interface (Radeloff 
et al. 2018) could exacerbate PFDF hazards in the coming decades (Kean and Staley 
2021; Thomas et al. 2024). Simulating debris-flow runout before a fire occurs, especially 
using methods that incorporate uncertainty in poorly constrained parameters, can help 
identify areas at risk from future PFDFs. 

Parameters that influence flow mobility in debris-flow runout simulations are often 
constrained through back-analyses of past events, particularly with equivalent fluid 
models that represent debris flows as an idealized fluid (Hürlimann et al. 2008; Aaron 
et al. 2019; Zimmermann et al. 2020). However, guidance to aid with parameter selection 
specifically for runoff-generated debris flows that tend to initiate in recently burned areas 
is limited. Thus, information about past events and the corresponding optimal flow- 
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mobility parameters can assist with forward model analyses 
by providing guidance on reasonable parameter ranges. 
Calibration to past events can also provide guidance for 
simulating events in similar settings (Aaron et al. 2022) 
and reveal relationships between model parameters and 
flow constituents (Zimmermann et al. 2020) that can inform 
parameter selection in forward analyses. 

Calibrating flow-mobility parameters can yield estimates 
of a single set, or a distribution, of optimal parameters 
(Aaron et al. 2019). A single set of optimal flow-mobility 
parameters can be obtained by maximizing an objective 
function that quantifies the degree of similarity between a 
modeled quantity and a set of observations (Heiser et al. 
2017). A drawback to this approach is that a range of 
parameter choices can yield similar model outcomes and 
selection of a single set of optimal parameters fails to 
account for uncertainty in the observations used to assess 
model performance. An alternative method for calibrating 
runout models is to employ a Bayesian approach that 
accounts for uncertainty in debris-flow runout observations 
(Aaron et al. 2019). The outcome of this type of model 
calibration is a probability distribution over the model 
parameters, referred to as the posterior distribution, that 
quantifies how consistent a given set of flow-mobility 
parameters is with prior beliefs and observed data. The 
posterior distribution can inform input parameter sets for 
forward model analyses, including probabilistic predictions 
of debris-flow runout (Aaron et al. 2022; Liu et al. 2024). 

In cases where runout model parameters can be con
strained, time limitations can still make it challenging to 
incorporate debris-flow runout modeling into rapid post-fire 
hazard assessments. Steep landscapes are most susceptible 
to runoff-generated PFDFs in the immediate aftermath of a 
fire, as approximately 23% of PFDFs start in the first 60 days 
after a fire start date and 73% start in the first post-fire year 
(McGuire et al. 2024). Prefire assessments of post-fire haz
ards that include estimates of debris-flow runout can help 
prioritize watersheds for prefire treatments and identify 
downstream areas for debris-flow mitigation measures to 
reduce risks before a fire (Rossi et al. 2025). 

In addition to constraints on flow-mobility parameters, 
debris-flow runout simulations require estimates of flow vol
ume. Existing methods for predicting PFDF volume have 
found that volume depends on terrain, fire and rainfall char
acteristics (e.g. Gartner et al. 2008, 2014; Gorr et al. 2024a). 
Thus, within the context of a prefire assessment of post-fire 
hazards for a given watershed, debris-flow volume will be 
influenced by burn severity and rainfall intensity. Burn sever
ity in prefire assessments can be derived from models (Staley 
et al. 2018; Wells et al. 2023) or assigned based on different 
scenarios of interest, and the rainfall intensity of design 
storms can be determined from historical rainfall records 
(e.g. NOAA Atlas 14). Rainfall intensification, however, is 
likely to increase sub-hourly rainfall intensities in the future 
(Martel et al. 2021), which may lead to increases in debris- 

flow likelihood and volume in response to a storm with a 
given recurrence interval (Thomas et al. 2024). As prefire 
assessments of PFDF hazards aim to identify risks following a 
fire at some unknown time in the future, there are benefits to 
exploring the influence of rainfall intensification relative to 
other sources of uncertainty, such as that associated with 
flow-mobility parameters, on modeled runout. 

The objectives of this study are to (1) constrain flow- 
mobility parameters for a debris-flow runout model, the 
Progressive Debris-Flow routing and inundation model 
(ProDF) (Gorr et al. 2022), through back-analyses of 12 
debris-flow events, and (2) use a detailed analysis of three of 
these debris flows to assess the sensitivity of modeled inunda
tion area to flow-mobility parameters, a rainfall intensification 
factor constrained by climate model output and a burn severity 
factor. Accomplishing these objectives will improve our ability 
to conduct prefire assessments of PFDF runout. 

Study areas 

We compiled inundation data from 10 runoff-generated 
PFDFs and 2 runoff-generated debris flows that started in 
unburned areas across nine study sites in the western 
United States (US) (Fig. 1, Table 1). The properties of the 
debris flows included in this inundation dataset, as well as the 
watersheds that produced them, vary widely. The 12 debris- 
flow-producing watersheds included in this study range in 
size from 0.2 to 31.4 km2, with a median area of 3.2 km2 

(Table 1). The mean elevation of the watersheds ranges from 
605 m above mean sea level (amsl) to 2971 m amsl. Debris- 
flow volume varies from 1000 to 304,000 m3, with a median 
volume of 38,500 m3, and the area inundated by the flows 
ranges from 1600 to 1,534,000 m2, with a median area of 
68,600 m2 (Table 1). Some of the debris flows ran out onto 
fans where the potential for flow confinement was minimal, 
whereas others were more confined and emptied into larger 
channels downstream. 

The characteristics of the study sites themselves also vary 
considerably, so we separated the sites into three geographic 
regions: southern California, northern California and the 
Southwest (Table 1). 

Southern California 

Our dataset includes four PFDFs from two study sites in 
southern California, one that initiated following the 2016 
Fish Fire and another three that initiated following the 2017 
Thomas Fire (Fig. 1, Table 1). Both study sites, which are 
located in the Transverse Ranges, are dominated by chapar
ral and oak woodlands at lower elevations and coniferous 
forests at higher elevations and are characterized by a 
Mediterranean climate (Griffith et al. 2016). Most precipita
tion in the region falls between November and March, often 
in the form of long-duration storms called atmospheric riv
ers (Lamjiri et al. 2018). 
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Northern California 

Our dataset also includes PFDFs from two study sites in 
northern California. One debris flow initiated following 
the 2007 Inyo Complex and another initiated following 
the 2020 Dolan Fire (Fig. 1). The Inyo Complex site is 

located in the Sierra Nevada and has extensive coniferous 
forest cover (Griffith et al. 2016). The Dolan Fire site is 
located in the coastal mountains of central California and 
is dominated by grassland, shrubland and woody savannas 
(Thomas et al. 2023). The northern California sites are 
characterized by hot, dry summers and moist, cool winters 
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Fig. 1. This study includes inundation data from 12 runoff-generated debris flows that initiated at nine study 
sites across Arizona (AZ), California (CA) and New Mexico (NM) in the western United States. Ten of the debris 
flows initiated following wildfire and the remaining two started in unburned settings. We separated the study 
sites into three geographic regions: northern California (Dolan and Inyo), southern California (Fish and Thomas) 
and the Southwest (Flag, Pipeline, Schultz, White Sands and Woodbury).   

Table 1. Site characteristics for all 12 debris flows.         

Study site Debris flow Region Mean annual 
temperature (°C) A 

Mean annual 
precipitation (mm) A 

Watershed 
area (km2) 

Inundated 
area (m2)   

Dolan Fire Santa Lucia Creek Northern California  14.5 923  3.9 45,200 

Fish Fire Van Tassel Southern California  17.8 644  2.5 55,600 

Flag Fire Solitude Southwest  11.7 407  0.2 3300 

Inyo Complex Oak Creek Northern California  5.1 469  31.4 1,045,100 

Pipeline Fire Copeland Southwest  5.6 813  1.1 518,200 

Schultz Fire Basin 5210 Southwest  5.6 813  0.7 32,300 

Thomas Fire Buena Vista/ 
Romero Creeks 

Southern California  16.6 692  6.9 926,700 

Thomas Fire Montecito Creek Southern California  16.8 625  12.3 1,292,300 

Thomas Fire Oak/San Ysidro 
Creeks 

Southern California  16.8 666  8.5 1,534,000 

Woodbury Fire B7 Southwest  19.9 400  0.2 1600 

White Sands 
Missile Range B 

Black Mountain Southwest  15.6 319  0.5 24,500 

White Sands 
Missile Range B 

Kent Peak Southwest  16.6 286  4.5 81,600 

AData from  PRISM Climate Group (2025). 
BUnburned study site.  
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(Wilken et al. 2011) and much of the winter precipitation 
comes in the form of atmospheric rivers (Lamjiri et al. 2018). 

The Southwest 

The remaining six debris flows occurred at five study sites in 
the Southwest US, defined here as the states of Arizona and 
New Mexico. Four are PFDFs that initiated following the 
2010 Schultz Fire, 2019 Woodbury Fire, 2021 Flag Fire and 
2022 Pipeline Fire, and the other two are non-fire-related 
debris flows that initiated in the White Sands Missile Range 
of southern New Mexico following intense rainfall in 2021 
(Fig. 1, Table 1). Although the White Sands Missile Range 
debris flows initiated in an unburned setting, they had a 
similar initiation mechanism to the PFDFs in this study, so 
we included them in our analysis to create a larger inunda
tion dataset. Dominant vegetation community varies by site, 
from desert scrub and shrub communities at lower elevation 
(Woodbury Fire and White Sands Missile Range), to ponder
osa pine (Pinus ponderosa) and mixed-conifer forests at 
higher elevation (Flag Fire, Schultz Fire and Pipeline Fire) 
(Wilken et al. 2011). Climatologically, the Southwest is char
acterized by warm to hot summers, mild winters and low 
mean annual precipitation, particularly at lower elevations 
(Wilken et al. 2011). Unlike California, approximately half of 
the annual precipitation in the Southwest falls during the 
summer as short-duration, high-intensity rainfall associated 
with the North American monsoon (Sheppard et al. 2002). 

Methods 

Debris-flow runout modeling 

We used ProDF, a reduced-complexity debris-flow runout 
model based on a flow-routing algorithm (Gorr et al. 2022), 
to simulate the runout of all 12 debris flows. ProDF can be 
used to compute peak-flow depth across a landscape based 
on topography and flow volume. The model equations 
include flow density (kg/m3), as well as two flow-mobility 
parameters, referred to as the flow resistance coefficient (χ) 
(1/s m1/2) and yield strength (τ) (Pa). 

ProDF simulates peak debris-flow depth and velocity 
downstream of a user-specified location, or ‘starting point’, 
where a debris-flow volume is known or estimated (for 
more detailed description, see Gorr et al. 2022). Inputs for 
ProDF include topography, the location of the starting point, 
debris-flow volume and values for density, χ and τ. We 
utilized high spatial-resolution, pre-event topography for 11 
of the 12 debris flows. However, because there was no high- 
resolution, pre-event topography available for the Schultz 
Fire site (Table 1), we used post-event topography collected 
8 years following the debris flow. For consistency across sites, 
we used 3 m input topography for all simulations. 

The starting point for a ProDF simulation is defined as the 
location where the model begins routing the flow downstream. 

In this study, we defined the starting point for all debris flows 
as the watershed outlet. This is consistent with the input 
debris-flow volumes used here, which represent the volume 
of sediment deposited downstream of the watershed outlet. We 
used previously published volume data for eight debris flows 
(Youberg 2015; Kean et al. 2019; McGuire et al. 2021;  
Morelan 2021; Gorr et al. 2023, 2024b) and calculated the 
volume of the four remaining debris flows using a combination 
of field surveys, remote sensing techniques and empirical 
modeling (Supplementary material Text S1). 

We fixed the density parameter to 2000 kg/m3 for all 
simulations because ProDF is not sensitive to density rela
tive to χ and τ (Gorr et al. 2022). However, because the 
model is sensitive to the flow mobility parameters (Gorr 
et al. 2022), we assessed the performance of ProDF against 
each debris flow using a range of χ and τ values. We 
considered χ values between 0 and 1500 1/s m1/2 

(Rickenmann 1999) and τ values between 0 and 3000 Pa 
(e.g. Major and Pierson 1992; Whipple and Dunne 1992). 
We determined the best-performing values of χ and τ for 
each debris flow by calibrating ProDF to the observed inun
dation extent using two calibration methods described in 
more detail below. The inundation data we used to calibrate 
ProDF consisted of both previously published maps of 
debris-flow inundation (Youberg 2015; Kean et al. 2019;  
Morelan 2021; Gorr et al. 2023, 2024b) and new inundation 
data we collected using a combination of field surveys and 
remote sensing techniques (Supplementary Text S2). 

Model calibration 

Conventional calibration 
We performed a conventional calibration of the two flow- 

mobility parameters, χ and τ, for all 12 debris flows using the 
method outlined in Gorr et al. (2022). In short, we calibrated 
χ and τ to minimize the misfit between the modeled and 
observed inundation extent. We first generated 30,000 
unique combinations of χ and τ within the ranges defined 
earlier using the Latin hypercube sampling method (McKay 
et al. 1979). We then ran 30,000 simulations of ProDF, one 
for each unique combination of χ and τ, for each debris flow. 

We quantified model performance using the similarity 
index (ΩT) (Heiser et al. 2017; Gorr et al. 2022), which 
quantifies the misfit between the modeled and observed 
inundation extent using the number of true positive (TP) 
points (modeled and mapped inundation overlap), false posi
tive (FP) points (modeled inundation but no mapped inunda
tion) and false negative (FN) points (mapped inundation but 
no modeled inundation). The similarity index is defined as: 

=T T T T

where αT, defined as TP/(TP + FP + FN), represents the 
overlap between the modeled and mapped inundation, βT, 
defined as FN/(TP + FP + FN), represents areas of model 
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underestimation, and γT, defined as FP/(TP + FP + FN), 
represents areas of model overestimation. The value of ΩT 
varies between 1 and −1, where 1 indicates a perfect fit 
between the modeled and mapped inundation and −1 repre
sents a total misfit. We calculated the similarity index for all 
30,000 combinations of χ and τ for each debris flow and 
identified the best-performing combination as the one that 
yielded the highest similarity index. 

Bayesian parameter estimation 
We also calibrated ProDF using a Bayesian parameter 

estimation method. This approach uses a likelihood function 
to combine prior information about the flow-mobility 
parameters with information from observed data to produce 
a posterior distribution, which represents the uncertainty in 
the parameters after they have been updated based on their 
ability to reproduce the observed inundation extent of a 
debris flow. The posterior distribution quantifies the proba
bility that a given pair of χ and τ minimizes the difference 
between the modeled and observed inundation extent. The 
posterior distribution of χ and τ values obtained using the 
Bayesian approach can then be used in a probabilistic for
ward analysis (Aaron et al. 2019). 

We simulated the area inundated by each debris flow 
using the same 30,000 combinations of χ and τ used for 
the conventional calibration. We then used the trimline 
fitness metric, hereafter referred to as fitness (Aaron et al. 
2019), to quantify how well each combination reproduced 
the mapped extent of inundation for each scenario. The 
fitness for a given combination of χ and τ can be defined 
as (Liu et al. 2024): 

fitness = FP + FN

A smaller fitness value indicates a better fit between the 
modeled and observed extent of inundation, with zero rep
resenting a perfect fit. Then, following the methodology of  
Aaron et al. (2019), we used the fitness values to calculate 
the posterior distribution. 

In addition to determining the posterior distribution, we 
calculated the 50% credible region for each debris flow. A 
credible region, defined as the area within a posterior distri
bution that contains a specified probability mass (in this 
case 0.5) provides a way to summarize uncertainty associ
ated with the calibrated flow-mobility parameters. To deter
mine the 50% credible region, we sorted the probability 
values for each combination of χ and τ in descending 
order. We then summed the probability values of the param
eter combinations, starting with the highest probability and 
incorporating sequentially smaller values, until the total 
probability exceeded 50%. 

Finally, to summarize the posterior distributions, we cal
culated the mean values of χ and τ for each debris flow, 
referred to as the expected values. We did so by multiplying 
each value of χ and τ by their corresponding probability and 

summing the products. We then calculated the variance by 
taking the average of the squared deviations from the 
expected values, where each deviation was weighted by its 
corresponding probability in the distribution. 

Controls on flow-mobility parameters 
To explore potential controls on the flow-mobility param

eters, we analyzed the relationships between debris-flow 
volume, watershed average soil clay content and the optimal 
flow-mobility parameters. For this analysis, we utilized the 
optimal sets of parameter values identified from the conven
tional calibration as well as the expected values from the 
posterior distributions of χ and τ from the Bayesian calibra
tion. We computed Spearman correlation coefficients (ρ) to 
quantify the strength of the relationship between each of the 
two flow-mobility parameters and debris-flow volume and 
watershed soil clay content. We focused on flow volume and 
soil clay content because previous studies found that both 
are related to debris-flow mobility. For instance, Iverson 
(1997) determined that deeper debris flows, which are asso
ciated with greater flow volumes (Rickenmann 1999), tend 
to be more mobile because they retain elevated pore-fluid 
pressures longer than thinner flows. Similarly, the fines 
content of debris flows, which includes clay content, influ
ences pore-fluid pressure, and thus flow mobility (Iverson 
1997; de Haas et al. 2015). Previous studies have also found 
that debris-flow volume is related to area inundated, indi
cating that larger debris flows are more mobile and have the 
potential to impact greater areas downstream (Corominas 
1996; Griswold and Iverson 2008). 

We used the Stream Catchment (StreamCat) Dataset (Hill 
et al. 2016) to determine the mean soil clay content for each 
watershed. StreamCat separates the conterminous US into 
more than 2.5 million individual watersheds and provides 
watershed-scale data related to climate, lithology, land 
cover and soil properties (Hill et al. 2016). It uses data 
from the State Soil Geographic (STATSGO) database 
(Schwarz and Alexander 1995) to determine the clay con
tent for each watershed within its dataset. Although the 
STATSGO database provides separate clay content values 
for each layer within a soil profile, StreamCat records the 
mean clay content within a watershed. 

Sensitivity analysis 

We conducted an analysis to quantify model sensitivity to 
the flow-mobility parameters, rainfall intensification under 
future climate scenarios and burn severity. Quantifying the 
relative sensitivity to these different factors can provide 
guidance on where to focus future efforts aimed at reducing 
uncertainty in prefire assessments of PFDF hazards. For this 
analysis, we selected three debris flows that spanned a range of 
geographic regions and dominant vegetation types: Copeland 
in northern Arizona, Montecito Creek in southern California 
and Santa Lucia Creek in northern California (Table 1). 
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Numerical experiments 
We set up simulations at the three selected sites to repre

sent debris-flow inundation in response to a 2-year recur
rence interval (RI) 15-min rainfall intensity. We selected a 
2-year RI rainstorm because it is broadly representative of 
storms that are associated with most PFDFs in the western 
US (Staley et al. 2020; McGuire et al. 2024; Martinez et al. 
2025). We determined debris-flow volumes for a given rain
fall intensity using the Emergency Assessment Volume 
(EAV) model of Gartner et al. (2014). The EAV model 
predicts post-fire debris-flow volume as a function of the 
peak 15-min rainfall intensity (i15), watershed relief (R) and 
the area burned at moderate to high severity (Amh). 

We varied i15 between a minimum value, taken as the 
2-year RI rainstorm, and a maximum value based on a 
rainfall intensification factor designed to account for future 
changes in rainfall intensity–duration–frequency curves 
(Martel et al. 2021). We used NOAA Atlas 14 to determine 
15-min rainfall intensity associated with the 2-year RI rain
storm at each site. We then determined the maximum poten
tial value of i15 by multiplying the 2-year RI rainstorm by a 
rainfall intensification factor (Martel et al. 2021): 

i i R15 = 15 (100 + /100) T
f h sc

where ΔT denotes the projected change in local mean 
annual temperature (°C) between the historical period 
(1950–2014) and a future time period and Rsc is a rainfall 
scaling factor (%) based on the Clausius–Clapeyron (CC) 
relation. The CC relation suggests Rsc = 7%; however, 
because rainfall intensities associated with shorter duration 
events (i.e. sub-hourly) can follow a super CC relationship 
(Fowler et al. 2021) and the 15-min rainfall intensity is an 
input to the EAV model, we used Rsc = 8%. We estimated ΔT 
at each of our sites based on projected temperature changes 
between historical and mid- (2045–2074) or late- (2075–2100) 
century under a range of Shared Socioeconomic Pathways 
(SSP) climate scenarios, specifically SSP2-4.5, SSP3-7.0 
and SSP5-8.5. The SSP5-8.5 scenario represents a worst- 
case high emissions scenario, SSP3-7.0 is the second highest 
emissions scenario and SSP2-4.5 is a moderate emissions 
scenario. 

We extracted temperature changes for each site from 
LOCA2, which is a statistically downscaled 6 km gridded 
product (Pierce et al. 2023). LOCA2 includes estimates of 
minimum and maximum monthly temperature for mid- and 
late-century for SSP2-4.5, SSP3-7.0 and SSP5-8.5 from 27 
Coupled Model Intercomparison Project Phase 6 (CMIP6) 
models. We averaged the minimum and maximum tempera
tures in each of the six scenarios to determine a mean 
annual temperature. We then took the difference of this 
mean annual temperature and the historical average to 
determine ΔT for each of the models. We used the median 
of the resulting 27 values for i15f to define a representative 
rainfall scaling factor, γ, for each climate scenario. 

We performed 1000 debris-flow runout simulations for 
each of the six climate scenarios (i.e. mid- and late-century 
for SSP2-4.5, SSP3-7.0 and SSP5-8.5) at each case study 
location. We sampled flow-mobility parameters from the 
posterior distribution using a probability proportional to 
size sampling approach (Skinner 2016). We sampled the 
i15 associated with a 2-year RI rainstorm from a uniform 
distribution bounded by i15 and γi15. We defined the area 
burned at moderate to high severity as cA, where A is 
watershed area (km2) and c, the burn severity factor, was 
sampled from a uniform distribution between 0.2 and 1. The 
rainfall intensification factor and burn severity factor influ
ence runout through their effects on flow volume as com
puted by the EAV model. 

We defined the area inundated as the area that experi
enced peak-flow depths greater than 0.1 m. We used the 
PAWN sensitivity index (Pianosi and Wagener 2015) to 
assess the relative importance of different factors in deter
mining inundated area. The PAWN sensitivity index varies 
from 0 to 1, with a greater value indicating greater parame
ter importance. The goal of these numerical experiments 
was to assess the relative importance of the flow-mobility 
parameters, rainfall scaling factor and burn severity factor 
for each of the six different climate scenarios. We also 
assessed the importance of each variable relative to a 
dummy parameter, which had no effect on the model output 
and was sampled from a uniform distribution between 0 and 
1. Variables with a PAWN sensitivity index that is similar to 
or less than that of the dummy are not influential. 

Results 

Optimal parameter sets 

Using the conventional calibration methods, we determined 
an optimal combination of χ and τ for each of the 12 debris 
flows. The optimal value of the flow resistance coefficient 
(χ) ranged from approximately 5 to 250 1/s m1/2 but was 
between 5 and 50 1/s m1/2 for 75% (9 of 12) of debris flows. 
The optimal value of yield strength (τ) varied from ~200 to 
1800 Pa but was less than 800 Pa for 66% (8 of 12) of debris 
flows (Table 2). These optimal parameter combinations 
yielded similarity index (ΩT) values between −0.18 and 
0.59, with a median of 0.07. There was a significant nega
tive relationship between the optimal τ value for all 12 
debris flows and watershed clay content (C) (ρ = −0.76, 
P = 0.004) (Fig. 2). The relationship between C and τ can be 
represented by a line, τ = 2900 − 129C (R2 = 0.78) 
(Fig. 3a). We also found a moderate, but not statistically 
significant, negative relationship between τ and debris-flow 
volume (ρ = −0.50, P = 0.10). In contrast, there was no 
substantial correlation between either C and χ (ρ = 0.14, 
P = 0.66) or debris-flow volume and χ (ρ = −0.28, 
P = 0.38) (Fig. 2). We observed similar relationships 
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when we removed the two non-fire-related debris flows 
from the White Sands Missile Range from our analysis 
(Supplementary Table S1), suggesting that ProDF performed 
similarly in both burned and unburned settings. 

Although there were some strong relationships between 
the optimal flow-mobility parameters and site-specific char
acteristics, regional-scale patterns in optimal values for χ 
and τ were less apparent. At the two northern California 
sites, the optimal χ values ranged from 4.5 to 42.9 1/s m1/2, 
nearly a factor of 10 (Table 2), and the optimal τ values 
varied by approximately a factor of 5, from 355 to 1514 Pa 
(Table 2). We observed a similarly large spread in the opti
mal flow-mobility parameters for the six Southwest debris 
flows, where optimal χ values varied from 30.9 to 256 1/s 
m1/2, and optimal τ values ranged from 193 to 1775 Pa 
(Table 2). There was, however, considerably less variation 
in the optimal flow-mobility parameters among the four 
southern California debris flows, as the optimal χ values 
varied between 15.1 and 47.8 1/s m1/2 and the optimal τ 
values ranged from 232 to 416 Pa (Table 2). 

Bayesian calibration 

Using the Bayesian parameter estimation calibration 
method, we generated posterior distributions for all 12 
debris flows. Relationships between C, flow volume and 
the expected values of χ and τ obtained from the posterior 
distributions (Table 3) were similar to the relationships 
observed using the conventional calibration. One exception 
is that there was no substantial correlation between τ and 
flow volume (Supplementary Fig. S1) when using the 
expected values of χ and τ. The strongest relationship was 
still between C and τ, which can be represented by the line 
τ = 1413 − 55C (R2 = 0.81) (Fig. 3b). 

To summarize uncertainty associated with the calibrated 
flow-mobility parameters, we calculated the 50% credible 
regions for each debris flow. All twelve 50% credible regions 
plot, at least partly, in the lower-left quadrant of the param
eter space (Fig. 4). Each study region, however, plots in its 
own parameter space with little overlap. For example, the 
50% credible regions for the four southern California debris 
flows were more tightly grouped relative to the 50% credi
ble regions of the other eight debris flows across northern 
California and the Southwest (Fig. 4). This observation is 
supported by the fact that the expected χ and τ values for 
the southern California debris flows were much more similar 
than those of the other eight debris flows (Table 3). 

The size of the 50% credible regions (larger credible 
regions indicate greater uncertainty) (Fig. 4) and the vari
ance of the posterior distributions (Table 3) provide insights 
into factors that influence uncertainty in calibrated flow- 
mobility parameters. We found a large disparity in the 
average size of the 50% credible region depending on geo
graphic region (Fig. 4a). The 50% credible regions for the 
four southern California debris flows (Fig. 4b) contained 44 
combinations of the flow-mobility parameters, on average, 
and the 50% credible regions for the eight debris flows 
outside of southern California (Fig. 4c, d) contained 233 
combinations of χ and τ, on average. The five debris flows 
with the largest 50% credible regions were located in the 
Southwest, and the debris flows with the greatest spread in 
χ and τ values were located in the Southwest and northern 
California (Fig. 4). This is consistent with the observation 
that posterior distributions for χ and τ in the Southwest and 
Northern California regions had median variances that were 
approximately 24 times and 4 times greater, respectively, 
than the median variances of the posterior distributions for 
χ and τ in southern California (Table 3). 

Table 2. Optimal flow-mobility parameters and associated similarity index for each debris flow.         

Study site Debris flow χ (1/s m1/2) τ (Pa) ΩT Volume 
(m3) 

Clay 
content (%)   

Dolan Fire Santa Lucia Creek 4.5 1514  0.29 23,000  13.4 

Fish Fire Van Tassel 47.8 416  0.59 38,613  18.5 

Flag Fire Solitude 46.4 878  −0.02 1100  17.2 

Inyo Complex Oak Creek 42.9 355  0.08 304,000  7.5 

Pipeline Fire Copeland 108 193  −0.14 115,000  21.4 

Schultz Fire Basin 5210 70.6 251  −0.02 15,000  21.4 

Thomas Fire Buena Vista/Romero Creeks 24.1 232  −0.18 141,000  21.7 

Thomas Fire Montecito Creek 20.5 297  0.14 231,000  18.2 

Thomas Fire Oak/San Ysidro Creeks 15.1 298  0.20 307,000  18.8 

Woodbury Fire B7 36.7 1140  0.06 1000  12.6 

White Sands Missile Range Black Mountain 30.9 1775  0.19 22,000  18.0 

White Sands Missile Range Kent Peak 256 333  0.01 38,500  18.0   
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We also found that the size of the 50% credible region 
generally decreased with increasing debris-flow volume. 
The 50% credible regions for seven debris flows with vol
umes less than 100,000 m3 contained 225 combinations of 
χ and τ, on average, and the 50% credible regions for five 
debris flows with volumes larger than 100,000 m3 contained 
93 combinations of the flow-mobility parameters, on aver
age. The variance in χ and τ was lower, in general, when 
flow volume exceeded 100,000 m3 relative to cases where 
volume was less than 100,000 m3 (Table 3). 

Sensitivity analysis 

The flow resistance coefficient (χ) was the most influential 
parameter for determining area inundated in 15 of 18 cases 

(three sites, six climate scenarios), and it had a greater 
influence on area inundated relative to τ at all three sites 
(Fig. 5). The area inundated at the Copeland and Santa Lucia 
Creek sites was most sensitive to χ, regardless of climate 
scenario (Figs 5a, b), but the relative importance of different 
parameters varied depending on the climate scenario at the 
Montecito Creek site. At this site, area inundated was most 
sensitive to either χ, the rainfall intensification factor, or the 
burn severity factor depending on the climate scenario 
(Fig. 5c). 

The rainfall intensification factor was more influential 
than the dummy variable at all sites regardless of the 
climate scenario but became increasingly influential in 
late-century SSP3-7.0 and SSP5-8.5 scenarios. The rainfall 
intensification factor was more influential relative to the 
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Fig. 2. Relationships between yield strength, determined from the conventional calibration, and (a) soil clay 
content, and (b) flow volume. The Spearman correlation coefficient, ρ, indicates a negative and statistically 
significant correlation between yield strength and clay content. There is no statistically significant correlation 
between the flow resistance coefficient and (c) soil clay content, or (d) flow volume.   
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burn-severity factor in all late-century (2075–2100) SSP3- 
7.0 and SSP5-8.5 scenarios except for the SSP3-7.0 scenario 
at Montecito Creek. The burn-severity factor was more 
influential relative to the rainfall intensification factor at 
all three sites for early- and late-century SSP2-4.5 scenar
ios (Fig. 5). 

Discussion 

Controls on flow-mobility parameters 

These results provide guidance for selecting flow-mobility 
parameters for runoff-generated PFDFs in the absence of a 
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Fig. 3. Best fit lines quantifying the relationship between clay content, C, and (a) the optimal yield strength, τ, 
identified through the convention calibration, and (b) the expected (mean) yield strength based on the posterior 
distribution obtained through the Bayesian calibration.   

Table 3. Expected (mean) χ and τ values determined through the Bayesian parameter estimation and associated variance for all 12 debris flows.         

Study site Debris flow Region Expected χ (1/s m1/2) Expected τ (Pa) χ variance τ variance   

Dolan Fire Santa Lucia Creek Northern 
California 

14.1 1215 238 210,593 

Fish Fire Van Tassel Southern 
California 

71.1 459 3,329 27,788 

Flag Fire Solitude Southwest 191 582 33,848 76,023 

Inyo Complex Oak Creek Northern 
California 

45.0 908 1488 428,320 

Pipeline Fire Copeland Southwest 428 185 65,848 16,198 

Schultz Fire Basin 5210 Southwest 148 246 26,217 10,113 

Thomas Fire Buena Vista/Romero 
Creeks 

Southern 
California 

191 203 68,002 52,406 

Thomas Fire Montecito Creek Southern 
California 

29.9 358 338 24,835 

Thomas Fire Oak/San Ysidro Creeks Southern 
California 

22.3 311 260 11,279 

Woodbury Fire B7 Southwest 182 818 53,012 120,031 

White Sands Missile 
Range 

Black Mountain Southwest 349 579 83,188 213,471 

White Sands Missile 
Range 

Kent Peak Southwest 515 351 76,259 22,615   
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local calibration site. The catalog of posterior distributions 
developed here can be sampled to support probabilistic for
ward model analyses of debris-flow runout (Aaron et al. 
2022). However, both conventional and Bayesian calibration 
approaches demonstrate substantial site-to-site variability, 
even for debris flows within the same geographic region, 
suggesting that site-specific factors are more important for 
constraining flow-mobility parameters than regional-scale fac
tors. This is particularly true for the debris flows in northern 
California and the Southwest for the reasons outlined below. 

Regional controls 
The variability in the optimal flow-mobility parameters 

and posterior distributions for debris flows in northern 
California and the Southwest may be partially attributed 

to the geologic and climatologic diversity of these regions. 
We grouped the 12 debris flows into broad geographic 
regions, mainly because the number of debris-flow inunda
tion observations did not support partitioning the data into a 
greater number of more refined regions. These results, how
ever, indicate that the chosen regions could be too broad to 
identify controls on the optimal flow-mobility parameters or 
posterior distributions, as sites within a region could still be 
separated by several hundred kilometers (Fig. 1). Thus, 
although there may be broad similarities in rainfall charac
teristics and geologic setting between sites in these regions, 
there are also substantial differences in dominant land cover, 
climate, sediment availability and local geology that could 
exert an equal or greater control on the optimal flow-mobility 
parameters. Given a larger set of debris-flow inundation 
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observations, future studies could examine the effects of these 
more local controls on flow-mobility parameters. 

In contrast to the northern California and Southwest debris 
flows, the four southern California debris flows shared many 
similar characteristics. The Thomas Fire and Fish Fire debris 
flows occurred in the same Environmental Protection Agency 
(EPA) Level III ecoregion and Köppen–Geiger climate 

classification and had similar prefire land cover and under
lying lithology. Perhaps owing to the close proximity and 
shared characteristics of the southern California sites, the 
optimal flow-mobility parameters and posterior distributions 
of the Southern California debris flows were more similar 
than those of the northern California or Southwest debris 
flows (Fig. 4). 
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Local controls 
The strongest site-specific relationship we observed was 

the significant negative relationship between clay content 
and yield strength (τ) (Fig. 2). This relationship is supported 
by our understanding of how clay content influences pore- 
fluid pressure and debris-flow runout. The fine fraction of 
flows, which consists of silt and clay-sized grains, can help 
sustain high pore-fluid pressures that reduce frictional resist
ance and increase flow mobility (Iverson 1997). In simula
tions of ProDF, higher τ values yield less-mobile flows (Gorr 
et al. 2022), so the negative relationship between clay con
tent and τ is consistent with the conceptual model that clay 
content increases retention of pore-fluid pressure and there
fore increases debris-flow mobility. There is still substantial 
scatter in the data, however, including an outlier where the 
conventional calibration identified a yield strength for the 
Inyo Creek debris flow that lies well below the best fit line 
(Fig. 3a). 

This relationship between clay content and τ can be used 
to inform forward analyses of debris-flow runout because 
clay content data are readily available for the entire United 
States. The STATSGO database (Schwarz and Alexander 
1995) provides coarse-resolution data related to soil char
acteristics, including clay content, that can be incorporated 
into debris-flow runout frameworks. Although the relation
ship between clay content and τ was statistically significant 
for the debris flows in our dataset, the range of clay contents 
represented in the study watersheds was fairly narrow, 
spanning 7.5% (Inyo Complex) to 21.7% (Thomas Fire) 
(Table 2). Additional work is needed to evaluate the appli
cability of this relationship in scenarios with clay contents 
outside of this range. Additionally, we did not identify any 
significant relationships between either flow volume or clay 
content and the optimal flow resistance coefficient (χ). The 
variation in the site-to-site optimal χ value could be driven 
by a range of factors not accounted for here, including 
detailed information about the grain-size distribution of 
the flow, sediment concentration, and/or spatial and tem
poral variations in pore-fluid pressure. 

Further constraining flow-mobility parameters 
Future efforts to constrain flow-mobility parameters could 

benefit from debris-flow runout data that constrain factors 
beyond inundation extent, such as peak-flow velocity, flow 
depth, or flow timing. This information could reduce the vari
ance of the posterior distributions and the size of the 50% 
credible regions. These data could be integrated into either the 
conventional or Bayesian calibration approach through the use 
of a multi-criteria objective function that quantifies the model’s 
ability to reproduce the mapped inundation pattern as well as 
match observed velocity and/or flow depth estimates (Aaron 
et al. 2019; Gorr et al. 2024b). We observed a modest correla
tion between χ and τ, which can make it challenging to 
uniquely identify optimal parameter values because the effects 

of an increase in one parameter could be partially offset by a 
decrease in the other. Observations of flow depth and velocity 
could be particularly beneficial for placing additional con
straints on χ, which directly influences modeled peak-flow 
depth and velocity. A multi-criteria objective function could 
also help constrain flow-mobility parameters for small flows, 
where uncertainty in the mapped inundation extent translated 
into greater uncertainty in the optimal flow-mobility parame
ters. Additional information about flow constituents, including 
sediment concentration and grain-size distribution, could also 
provide insight into factors controlling mobility parameters. 

Implications for debris-flow hazard assessment 

Estimates of debris-flow inundation are an important com
ponent of assessing debris-flow hazard and risk (McCoy 
et al. 2016). Many assessments of debris-flow hazards take 
place after a fire has already burned (e.g. Staley et al. 2016). 
These assessments have the benefit of information about 
burn severity, which affects modeled inundation zones 
through the influence of burn severity on flow volume 
(Gartner et al. 2014; Wall et al. 2023; Gorr et al. 2024a) 
and do not need to account for rainfall intensification that 
could occur in subsequent decades because the majority of 
PFDFs occur within the first several years following fire 
(McGuire et al. 2024). However, there can still be substan
tial uncertainty in the model parameters that affect flow 
mobility (Fig. 4). The posterior distributions developed 
here using the Bayesian calibration approach could be par
ticularly useful for hazard assessment applications given the 
benefits of modeled inundation maps that reflect uncer
tainty (Barnhart et al. 2021). 

Because the scope of post-fire debris-flow hazard assess
ments is often limited by the short time frame between fire 
occurrence and debris-flow initiation, prefire assessments of 
PFDF hazards can be used to develop and evaluate hazard 
mitigation plans (Tillery and Haas 2016; Fraser et al. 2022;  
Li and Chester 2023; Rossi et al. 2025), including fuel 
reduction treatments aimed at reducing the severity of 
future fires or improvements to infrastructure. As prefire 
assessments are completed in advance of a fire, burn sever
ity and rainfall intensity–duration–frequency relationships 
are sources of uncertainty alongside the flow-mobility 
parameters. Results of the sensitivity analysis highlight the 
importance of having a calibration site for constraining 
flow-mobility parameters because χ had the highest relative 
importance in 15 of the 18 cases explored here (Fig. 5). The 
relative sensitivity to flow-mobility parameters is likely to 
increase when they take on values over a wider range, as 
might be prescribed based on expert judgment when there is 
no local calibration site. Although ProDF may be most 
sensitive to the flow-mobility parameters in many cases, it 
is also sensitive to the rainfall intensification factor (Fig. 5). 
As such, incorporating the effects of rainfall intensification 
in design storms (Martel et al. 2021) for prefire assessments 
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of PFDF hazards could be beneficial, especially in late- 
century scenarios. Additionally, although we focus primarily 
on the prefire assessment of post-fire hazards in this study, 
this framework could also be used to assess the impact of 
rainfall intensification on debris-flow hazards in unburned 
settings by utilizing a volume model that does not require 
information on burn severity (e.g. the V2 model in Gorr 
et al. 2024a). 

Conclusions 

As PFDFs become more prevalent in the western US, 
improved methods for hazard assessment are needed to 
help develop strategies for mitigating the impacts of future 
events. Runout modeling can be a key component of debris- 
flow hazard assessments. However, the lack of debris-flow 
runout data from recently burned areas has limited our 
ability to calibrate model parameters. Here, we used back- 
analyses of 12 runoff-generated debris flows, including 10 
PFDFs, to constrain flow-mobility parameters for the 
Progressive Debris-Flow routing and inundation model. We 
used a conventional calibration technique to identify a sin
gle set of optimal flow-mobility parameters for each debris 
flow, as well as a Bayesian approach to identify a range of 
flow-mobility parameters that can be used in probabilistic 
predictions of debris-flow runout. We also assessed the 
sensitivity of modeled area inundated to variations in 
flow-mobility parameters, burn severity and rainfall intensi
fication under future climate scenarios. Model calibration 
indicates that there is a negative, linear relationship between 
one of the flow-mobility parameters, debris-flow yield 
strength, and watershed soil clay content. Additionally, 
although the sensitivity analysis indicated that ProDF was 
most sensitive to the flow-mobility parameter values, the 
rainfall intensification factor was more influential than burn 
severity in late-century climate scenarios, revealing the bene
fit of considering rainfall intensification in future analyses. 
This work improves our ability to model debris-flow runout 
in prefire settings by reducing uncertainty in flow-mobility 
parameters and providing the foundation for a larger post-fire 
debris-flow runout database. 

Supplementary material 

Supplementary material is available online. 
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